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ABSTRACT 
 
Globally, seagrass habitats have experienced sharp declines over the past century, with 
an annual loss of seagrass cover of 7%yr
-1
 since 1990. Despite the attention to seagrass 
this decline has brought, little research has been directed towards trends of seagrass 
habitats in Singapore. The research presented here developed and applied remote 
sensing methods to partially fill this gap, provide tools for more extensive monitoring 
in the future, and contribute to the global body of seagrass research. 
    
Satellite images from four different satellite sensors were used to estimate seagrass bed 
extent in Singapore’s second largest seagrass meadow, at Pulau Semakau, from 2001 to 
2013. Statistical estimates of image signal-to-noise ratios were used to screen images 
for quality. Validation data collected in 2013 were used to estimate error for supervised 
classifications produced from each sensor. A novel method was explored to account for 
macroalgae blooms in the study area, but the resulting correction could not be validated 
and did not affect the overall trends in seagrass bed extent. 
 
In addition to the classification analysis, an empirical model linking remote sensing 
reflectance to above-ground biomass was constructed to examine the distribution of 
seagrass within the meadow. Applied to WV2 images from 2011 and 2013, this model 
produced estimates of above-ground biomass with root mean squared error (RMSE) of 
54 gm
-2
 and 44.7 gm
-2
, respectively, within ranges of 0-288 gm
-2
 and 0-229 gm
-2
, 
respectively. A novel index to measure seagrass density non-destructively was 
developed to help conservation and monitoring efforts. This index, normalized canopy 
index (NCI), was estimated from satellite imagery more precisely than above-ground 
biomass, producing estimates from the 2013 WV2 image corresponding to field data 
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with an R
2
 of 0.71 relative to the R
2
 of 0.39 produced by the above-ground biomass 
model. This index may be a promising, non-destructive alternative to above-ground 
biomass for remote sensing studies and should be pursued further in future research. 
 
Based on the time-series classification analysis, seagrass bed extent at Pulau Semakau 
declined from over 44.6 ha in April 2002 to 25.3 ha in June 2013. This decline occurred 
at an average of 5.1%yr
-1
 from 2001 to 2013, although this rate of decline slowed to 
3.7%yr
-1
 in 2012. These declines are likely representative of other seagrass habitats in 
Singapore. Broader monitoring is required to determine to what extent Singapore’s 
seagrasses are disappearing. 
 
Although seagrass bed extent declined by 17% from April 2011 to June 2013, over the 
same time period total above-ground biomass in the seagrass meadow declined only 
5%, from 41.6 Mg to 39.6 Mg. Two acute sedimentation events recorded over this time 
period corresponded to a large and permanent decrease in bed extent captured by WV2 
imagery and a small and temporary decrease in bed extent captured by ALI imagery. I 
hypothesize that the discrepancy in decreases in extent and biomass, coupled with an 
increase in median biomass, is attributable to preferential survival and recolonization of 
dense-biomass seagrass species during these sedimentation events. Measurements of 
seagrass species abundance during this time period provide support for this hypothesis. 
This exercise demonstrates the advantages and limitations of monitoring seagrass bed 
extent and above-ground biomass. Bed extent provides a measure of overall viability of 
a seagrass meadow, but above-ground biomass provides a better index of spatially 
variable health and internal change. Coupled, these two measurements provide greater 
insight into complex seagrass bed processes and seagrass response to disturbance. 
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1. Introduction 
Seagrasses are aquatic flowering plants with extensive global distribution, 
extending latitudinally from Iceland to southern New Zealand (Short et al., 2007), and 
estimated to cover approximately 177,000 km2 (Waycott et al., 2009). Despite this 
widespread distribution, however, seagrasses are composed of just 60 species and are 
generally confined to estuaries and shallow coastal regions (Short et al., 2007; Orth et 
al., 2006). Their dependence on photosynthesis for energy and soft sediment habitats 
for establishment further limits their distribution with depth and suitable recruitment 
areas. Seagrasses can reproduce through inefficient water-mediate pollination and seed 
dispersal, but often rely on clonal expansion through an extensive underground root and 
rhizome system (Ackerman, 2006). This underground system is so extensive that 
seagrass below-ground biomass is often much higher than above-ground biomass from 
its stem and leaves (Duarte and Chiscano, 1999). Despite their low taxonomic diversity 
and difficulty dispersing, the wide distribution of seagrasses and the valuable 
ecosystem services often provided by their unique physiology make them invaluable to 
human and environmental health. 
 
1.1. Importance of seagrass 
Tropical seagrass meadows play important roles in maintaining the health of 
adjacent tropical ecosystems and communities. Seagrass beds provide shelter and food 
sources to numerous fish species and crustaceans (Berkstrom et al., 2012; Kimirei et al., 
2011). They also act as nurseries for coral reef and commercially valuable fish species 
by providing food and protection for juvenile fish, which move to adjacent ecosystems 
upon maturation (Honda et al., 2013; Berkstrom et al., 2013; Kimirei et al., 2011; 
Mumby et al., 2004). This ontogenetic habitat use appears to be spatially variable 
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within species, however, as juvenile and adult fish are found in equal abundance over 
seagrass, mangrove, and coral habitats in some areas (Berkstrom et al., 2013; Lugendo 
et al., 2006). Within Singapore, for example, artificial seagrass, developed to replace 
degraded seagrass habitat, boosted the ability of sea bass and sand shrimp (Lates 
calcarifer and Metapenaeus ensis, respectively) to survive in the Singapore River prior 
to its damming (Lee and Low, 1991). Seagrasses have been found to be especially 
important to small tropical fisheries used for low-scale recreational and subsistence 
uses, as exist in and around Singapore (de la Torre-Castro et al., 2014; Unsworth and 
Cullen, 2010). Additionally, investigations of the ecological function of chemicals have 
shown that seagrass-produced chemicals can play important roles in the life cycle of 
fish and invertebrates. Extracts of the seagrass Enhalus acoroides deter the feeding of 
adult, but not juvenile rabbitfish (Siganus spp.), offering a mechanism for ontogenetic 
habitat use (Sieg and Kubanek, 2013). Juvenile French grunts (Haemulon 
flavolineatum) follow chemical signals to seagrass and mangrove nursery habitats and 
use a variety of cues in these habitats during its life cycle (Huijbers et al., 2012). Post-
larvae from the blue crab Callinectes sapidus settle preferentially in habitats with the 
presence of specific seagrass species (Welch et al., 1996), and metamorphose from 
postlarval to adult crab stages more quickly in water conditioned with seagrass, 
compared with unconditioned offshore water (Forward et al., 1996). Research into the 
ecological services seagrass provides for nearby ecosystems and communities and the 
direct mechanisms through which the services are provided is still limited and more 
relationships are likely to be elucidated in the future.   
 
Seagrass, and other coastal vegetation, play an important role in maintaining coastlines 
for sustainable human utilization. The removal of particulate organic matter within the 
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seagrass canopy, which is important for carbon storage, is correlated with the removal 
and deposition of sediment. This filtering of the water column is mainly a function of 
wave and turbulence attenuation provided by seagrass beds (Koch et al., 2009; Gacia et 
al., 1999). This wave attenuation is not enough to protect coastal settlements from large, 
destructive storms (Feagin et al., 2010), but could protect coastlines from small, short-
period waves characteristic of more common, seasonal storms and everyday 
hydrodynamic activity (Kombiadou et al., 2014; Manca et al., 2012). Through wave 
attenuation, direct sediment stabilization by root systems, and indirect sediment 
stabilization through organic matter deposition, seagrasses encourage coastal accretion 
and prevent erosion of vulnerable coastal habitat (Kombiadou et al., 2014; Gedan et al., 
2011; Feagin et al., 2009). While this service is highly non-linear in time and space, 
shallower, denser beds attenuate more effectively (Koch et al., 2009; Barbier et al., 
2008). Thus, Singapore’s shallow, intertidal seagrass beds and seagrass beds globally 
are important in maintaining coastline stability and reducing turbidity.   
 
Seagrass also provides a significant mechanism for natural carbon storage, important in 
regulating atmospheric carbon concentrations. Based on their biomass generation rates, 
seagrasses are some of the most productive autotrophs in the world, generating biomass 
per unit area on par with some mangroves and coastal terrestrial forests (Hyndes et al., 
2014; Duarte and Chiscano, 1999). Although up to 80% of this primary productivity is 
exported to other ecosystems (Hyndes et al., 2014), some of the exported plant material 
is recaptured in nearby sediments. Dense seagrass beds can also contribute to slope 
stabilization and dune formation this way (Mateo et al., 2003; Hemminga and 
Nieuwenhuize, 1990). Additionally, the seagrass canopy removes particulate organic 
matter from the water column very efficiently, acting as a carbon sink for other coastal 
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ecosystems (Barron et al., 2004). Thus, vegetated coastal areas account for about 50% 
of the total carbon storage capacity of the world’s oceans, of which seagrasses account 
for 25% (Duarte et al., 2005). Seagrass habitat degradation doesn’t just threaten the 
health of adjacent coastal ecosystems; it also represents a significant reduction of the 
biosphere’s ability to regulate the concentration of atmospheric carbon dioxide. 
 
1.2. Seagrass decline, its drivers, and its relevance for Singapore 
Seagrass meadows are steeply declining globally, and much of this decline has 
been attributed to anthropogenic activity. In 2009, Waycott et al. published an 
influential review of 215 sites and 1128 observations of seagrass around the world 
between 1879 and 2006, although there was little coverage of Asia and Africa. They 
revealed that seagrass habitat extent had declined 29% since 1879, at an average of 
1.5%yr
-1
, with a recent acceleration to 7%yr
-1
 since 1990 (Waycott et al., 2009). That 
paper reinforced earlier findings of others who had warned of global declines and 
acceleration of decline in the past decade (Murdoch et al., 2007; Orth et al., 2006; Short 
et al., 2006; Duarte, 2002), although some regions have reported increases in seagrass 
extent (Kendrick et al., 2000). A recent analysis by Short et al. (2011) examined the 
extinction risk of seagrass species and found that 10 of all 60 species are at elevated 
risk of extinction and three species are endangered. Research into this decline has 
focused attention on the drivers of extensive die-offs and habitat degradation. While 
some declines have been linked to natural causes such as severe weather events 
(Murdoch et al., 2007; Rogers and Beets, 2001), floods (Rasheed et al., 2008), and 
disease (Sullivan et al., 2013; Zieman et al., 1999; Robblee et al., 1991), many 
researchers attribute the declines directly or indirectly to human activities. The 
activities most often mentioned as causes for decline include increases in turbidity from 
5 
 
land use change, dredging, and land reclamation (Tuya et al., 2014; van Katwijk et al., 
2011; Unsworth and Cullen, 2010; Orth et al., 2006; Kaldy et al., 2004), eutrophication 
and nutrient enrichment (van Katwijk et al., 2011; Holmer et al., 2008; Orth et al., 
2006; Short et al., 2006; Delgado et al., 1999), direct mechanical destruction of 
seagrass beds (Rogers and Beets, 2001), over-exploitation of seagrass or important 
fauna associated with seagrass (Unsworth and Cullen, 2010; Rogers and Beets, 2001), 
oil spills (Taylor and Rasheed, 2011), and climate change-linked vulnerability (Erwin, 
2009; Short et al., 2006). All of these mechanisms of seagrass decline are present to 
some degree in Singapore. 
 
Studies on seagrass health and trends are lacking in the tropical Indo-Pacific, and 
especially Southeast Asia, despite the attention the global decline in seagrass has 
received and the fact that the region contains high seagrass species diversity. Waycott 
et al. (2009) indicated that lack of data for the region was a major weakness in analysis 
of global trends. Ooi et al. (2011) performed an extensive review of literature in the 
region and found that most studies that have been published on seagrass in Southeast 
Asia have covered only small study areas in Indonesia and the Philippines. Until very 
recently, few publications were available on Singapore’s seagrass, although some 
studies have covered related fish communities (e.g. Kwik et al., 2010; Jaafar et al., 
2004). A recent special issue of the Marine Pollution Bulletin has provided two papers 
examining trends in seagrass in Southeast Asia. Short et al. (2014) describes declines in 
seagrass cover in 10 sites throughout the region. Over the past 8-10 years they found a 
decline in cover at 7 sites, which they judge to be in line with global trends, although 
their methodology concentrates on seagrass density and not so much on seagrass 
habitat extent. Yaakub et al. (2014a) developed a rough estimate for the total seagrass 
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habitat loss experienced by Singapore from the 1960’s to the 2000’s. Their research 
coupled historical descriptions of seagrass beds with traditional knowledge obtained 
through interviews and hind-casting of current distributions to develop a map of 
historic seagrass extent. Their methods relied on assumptions about current 
distributions however, and they acknowledge that the estimate, 161.5 ha or 45.7% of 
historic extent lost, likely underestimates actual habitat loss. The study presented here 
was partially motivated in an effort to incrementally fill the gap on recent seagrass 
trends in Southeast Asia and to produce a better understanding of Singapore’s seagrass 
communities for conservationists and policymakers. 
 
Singapore serves as an archetype for anthropogenic pressures affecting coastal habitats 
and especially seagrass. From 1953 to 1993, extensive land reclamation efforts in 
Singapore effectively destroyed 93.5%, 76% and 75% of the mangrove, intertidal coral 
reef, and intertidal sediment habitats, respectively, that were present in 1922 (Hilton 
and Manning, 1995). Land reclamation efforts have continued since 1993, providing a 
constant source of human disturbance in coastal environments. Additionally, dredging 
linked to the shipping industry, also common to Singapore (Chou, 2008; Chao et al., 
2003), have resulted in punctuated point source increases in suspended sediment levels, 
reflecting one of the greatest threats to its coral habitats (Tun et al., 2008). This 
increased sedimentation threatens seagrass with burial, which occurs when the 
sedimentation rate exceeds the vertical growth rate of the seagrass (Vermaat, 1997). 
The threshold at which a seagrass becomes buried is species-specific and dependent on 
other environmental conditions, both of which influences are discussed in Chapter 5.3, 
but in general the larger tropical seagrasses in Singapore can be expected to be able to 
cope with sedimentation rates of 3-13 cm yr
-1
 (Vermaat, 1997). Diffuse turbidity of 
7 
 
ambiguous origin has also increased in Singapore’s waters, creating chronic stress for 
Singapore’s corals and seagrass (Yaakub et al., 2014b; Dikou and van Woesik, 2006). 
Turbidity restricts the ability of seagrass to photosynthesize, causing seagrass plants to 
metabolize inefficiently and expire if the turbidity continues or the plants are unable to 
adapt (Lee et al., 2007).  The stress turbidity and low light levels place on seagrass can 
also make them more vulnerable to additional stresses, as light-deprived seagrass have 
depleted energy reserves and slower growth rates, which stymie adaptation (Lee et al., 
2007). Singapore’s south islands are also the site of a major oil refinery with a constant 
risk and repeated occurrence of oil spills (Chao et al., 2003), which can coat seagrass 
blades, preventing photosynthesis, and reduce oxygen levels in the water and sediment 
by restricting the diffusion of oxygen from the atmosphere into the water column. 
Reduction of oxygen in the sediment prevents uptake by roots and rhizomes, restricting 
their growth (Holmer et al., 2008). Even though Singapore does not experience heavy 
commercial fishing, the fringing and patch reefs of Singapore’s south islands are 
exploited by recreational and subsistence fishermen, as evidenced by numerous traps 
and fishing boats anchored in these spots (pers. observation). Singapore also has 
several small-scale fish farms, including one immediately adjacent to Pulau Semakau’s 
extensive seagrass beds (pers. observation), although they are probably too small to 
increase organic matter and nutrients in the area to dangerous levels. Despite the 
existence of nearly every human-induced disturbance considered responsible for 
declines elsewhere in the world, Singapore’s coastal habitats manage to survive, 
making spatially explicit and temporally frequent monitoring of their health important. 
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1.3. Importance of monitoring and spatial scale 
Singapore seagrasses can serve a valuable role as bio-indicators of 
environmental degradation and poor water quality before these issues become a 
problem for surrounding coral and mangrove habitats. Due to their high light 
requirements and sensitivity to changes in water quality, seagrasses are often used as 
“coastal canaries,” in which they are monitored to detect changes in water quality or 
pollutant contamination of the surrounding environment (Orth et al., 2006). Specifically, 
when waters become enriched with nutrients, faster growing micro- and macro-algae 
begin to out-compete and dominate seagrass in extant meadows (Ferdie and Fourqurean, 
2004). During nutrient enrichment, higher concentrations of microalgae in the water 
column and enhanced growth of epiphytes reduce the light available to seagrass, 
accelerating their decline (Ferdie and Fourqurean, 2004). The same trends are possible 
with higher turbidity, even without nutrient enrichment, because algae generally have 
lower light requirements. Thus, characteristics of seagrass health have been used as 
indicators of anthropogenic stress leading to changes in water quality. Measurements of 
seagrass size (Orfanidis et al., 2010; Pergent-Martini et al., 2005) and overall extent 
(Barsanti et al., 2007; Pergent-Martini et al., 2005) can detect human-induced changes 
in water quality, while tissue sample analysis can be used to detect and track trace 
metals (Pergent-Martini et al., 2005; Malea and Haritonidis, 1999). Indeed, research 
carried out by Scanes et al. (2007) demonstrated that common direct water quality 
measurements used for monitoring programs in Australian estuarine lagoons were poor 
indicators of anthropogenic stress on the catchment. They concluded that seagrass and 
macroalgae monitoring may perform better. Monitoring of seagrass extent has also 
been made an important indicator in standard UK water quality monitoring procedures 
(Tett et al., 2007). The seagrass beds south of Singapore, located amongst shipping 
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lanes and oil refineries and adjacent to habitats with less ability to recover from 
disturbance, provide a valuable early warning indicator of declining water quality. 
 
1.4.  The utility of remote sensing 
Satellite remote sensing provides a valuable tool for environmental monitoring, 
as broad spatial scale and high temporal resolution are required for such monitoring 
efforts. The ability to separate the effects of anthropogenic stresses from natural 
variability has been stymied in studies using field-based monitoring methods due to 
low sample size or inadequate spatial breadth to capture natural variability (Tuya et al., 
2014; Malea and Haritonidis, 1999). Even when spatial scale and sample sizes are 
accounted for in experimental design, repeated field campaigns can sometimes fail to 
cover the same area every sampling period or produce misaligned results (Barsanti et 
al., 2007; Ferdie and Fourqurean, 2004). Satellite sensors repeatedly collect data over 
the same large, precise geographical areas and can be subsampled to replicate field 
sampling strategies. Archiving of such images also allows post hoc inclusion of a larger 
geographical area in a study if the initial study area is found to have been too small or 
misplaced. Additionally, field campaigns are often expensive, labor-intensive, and 
difficult to schedule, and thus studies are often designed with short monitoring periods. 
Bell et al. (2014) detail how most seagrass habitat restoration projects end monitoring 
within three years of planting. They found that this can lead to erroneous conclusions 
about a projects’ success, as inter-annual variability in growth can cause non-linear 
growth rates, resulting in retarded growth early in the project followed by much faster 
growth after 3 years. A longer monitoring period allowed them to reclassify an earlier 
restoration project as a success. Sporadic field sampling due to campaign delays or 
cancellations or premature termination can stymie analysis of long term trends (Short et 
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al., 2014). On the other hand, many satellite products have short return periods and 
long mission duration, allowing for replacement of sub-optimal images and extended 
monitoring efforts. Satellite images, due to their large areal coverage and short re-
sampling period, are ideal for habitat monitoring efforts.  
 
High resolution satellite images are also useful for seagrass monitoring specifically 
because they allow analysis of seagrass meadows over multiple spatial scales. 
Historically, seagrass research has focused on the physiology of seagrass shoots and the 
structure of seagrass individuals and clonal units (Kendrick et al., 2008; Duarte, 1999). 
Even recently, studies examining the spatial distribution of seagrass have focused on 
mechanistic models of the reproduction and dispersion of seagrass individuals 
(Kendrick et al., 2008). However, it has become increasingly clear that greater 
understanding of landscape-scale interactions between seagrasses and their 
environment is required in order to actively manage and conserve seagrass in light of 
heightened anthropogenic disturbance (Orth et al., 2006; Short et al., 2006). Recent 
multi-scale studies on seagrass dynamics have built useful frameworks with which to 
analyze disturbances and have even discovered new paradigms for seagrass dispersal 
and distribution. For example, by examining the deep-water seagrass species Halophila 
decipiens over both landscape and patch scales, Fonseca et al. (2008) revealed that both 
large tropical storms and burrowing crabs may play an important role in the dispersal 
and germination of seagrass seeds through sediment mixing and exposure. Ooi et al. 
(2014) and Kendrick et al. (2008) elucidated the importance competition between 
species of seagrass plays in their distribution over all scales. They discovered that 
scale-dependent variance was highly species-specific, and emphasized that such 
species-specific knowledge is required before planning studies at a single scale. Ooi et 
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al. (2014) was also able to use scale-specific variance in two directions to establish a 
framework for evaluating natural and anthropogenic drivers of seagrass growth and 
distribution, such as burial at micro-scales, grazing and boat-induced disturbance at 
small scales, and hydrodynamics at larger scales.   
 
1.5. Aim and objectives 
Due to the lack of spatially-explicit information regarding the extent and trends 
in cover of seagrass in Southeast Asia in general and Singapore’s southern islands in 
particular, this study aims to quantify recent trends in local seagrass habitat extent and 
abundance through the completion of four objectives using the intertidal fringing reef 
of Pulau Semakau as the focus study site: 
 
i. Develop validated methods to measure seagrass bed extent using satellite 
images from multiple sensors 
ii. Develop a remote sensing method to quantify seagrass biomass in local waters 
that minimizes destructive sampling 
iii. Quantify trends in geographical habitat extent and seagrass abundance at Pulau 
Semakau over the past decade 
iv. Establish a spatially-explicit baseline measurement of seagrass biomass for 
Pulau Semakau and examine recent trends in biomass relative to geographical 
habitat extent 
 
Singapore has a unique set of obstacles that need to be overcome in remote sensing 
studies of coastal waters. Dense cloud cover and poor water quality often obscure areas 
of interest, requiring additional expertise in radiometry and the effects of water and 
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atmospheric quality on satellite images. Establishing a proven method for local 
application could encourage more researchers to use satellite images in Singapore to 
monitor coastal habitats. Using satellite remote sensing to supplement conventional 
methods should expand the spatial and temporal resolution of many studies, especially 
with the current availability of freely-available, high-quality satellite imagery. 
Additionally, by providing baseline measurements of Pulau Semakau’s coastal seagrass 
habitat, I hope to make it easier to conduct future monitoring and conservation efforts, 
and to bring attention to the necessity of these efforts. 
 
1.6. Outline of thesis 
In Chapter 2, I will briefly describe the study area and satellite image 
processing steps common to both Chapters 3 and 4. In Chapter 3, I will discuss 
previous efforts and obstacles encountered in measuring the extent of seagrass habitats 
using satellite images. I will detail the methods used to collect training and validation 
data for the mapping effort, as well as the procedure I used to assess the suitability of 
various satellite image products for this research. I will then outline the results of the 
classification analysis, compare the results from different satellite sensor products, and 
briefly outline the seagrass trends uncovered this way. In Chapter 4, I will provide 
background information and additional justification behind the development of a new 
method to quantify seagrass abundance using optical data. I will then detail the field 
and model-building procedures used to develop this new method. Finally, I will report 
the training and validation results from this method, as well as the estimates of seagrass 
abundance they produce when applied to satellite images from both 2011 and 2013. In 
Chapter 5, I will synthesize and discuss the results from the various methods used, 
focusing on the implications of these results for the health of seagrass habitats in 
13 
 
Singapore and detailing the importance of the methods developed for local remote 
sensing research. Finally, I will conclude with a summary of the implications of these 
results and suggest future lines of research. 
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2. Study Area and Image Pre-processing 
2.1. Study area 
This study focused on the second largest seagrass meadow in Singapore, at 26 
ha. It is located on the west coast of Pulau Semakau, a small island south of Singapore 
(Figure 2.1). The majority of Pulau Semakau consists of a reclaimed land framework 
containing a landfill for incinerated waste from the Singapore mainland. The western 
third of the island, however, includes a mature intertidal reef flat fringed by mangrove 
forest. The reef flat is dominated by three facies of carbonate sediment, the vast 
majority sand- or gravel-sized, while a mangrove-dominated ramp leading inland from 
the flat mainly consists of terrigenous gravelly-sand (Hilton and Chou, 1999). The 
Pulau Semakau meadow was chosen for its central location in the Southern Islands, its 
likely exposure to stresses from the surrounding marine traffic, and its inferred 
importance to the adjacent mangrove habitats not found near the largest meadow at 
Cyrene Reef. I focused on only one meadow to more fully develop and evaluate the 
necessary methods before attempting application to a much larger and more complex 
geographical area. Dominated by Enhalus acoroides, the reef flat supports six other 
seagrass species (Thalassia hemprichii, Cymodocea rotundata, Cymodocea serrulata, 
Halodule uninervis, Syringodium isoetifolium and Halophila ovalis). Most likely due to 
turbid water quality and competition from seasonal macroalgae blooms, seagrasses at 
this site are generally confined to the reef flat proper, although some H. ovalis and 
Cymodocea spp. have been observed to occur among patches of macroalgae in the 
deeper reef crest region, and Halophila decipiens has been identified in deeper waters 
off of the reef (Yaakub et al., 2013). Bathymetry in the study area derived from 
independent multispectral imagery found that depth over the reef flat was 1.1 ± 0.9 m 
(mean ± standard deviation) below mean sea level (Bramante et al., 2013). 
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2.2. Satellite image pre-processing 
Satellite image products from four sensors were examined in this study. The 
dates of image acquisition and tidal heights at acquisition are listed in Table 2.1. 
Summaries of the wavelengths and bands covered by each sensor are listed in Table 2.2, 
while pre-processing steps and additional technical specifications for each sensor are 
listed in Table 2.3. Of the four Worldview-2 (WV2) satellite images used, the two 
oldest were provided free of charge by DigitalGlobe and Intergraph® as part of their 
ERDAS 2012 Geospatial Challenge. DigitalGlobe's WV2 multispectral images have a 
spatial resolution of two meters and eight spectral bands, six of which fall in the visible 
light spectrum, making them well suited for coastal applications. Multispectral images 
taken by the Advanced Land Imager (ALI) sensor aboard NASA's Earth Observing 1 
(EO-1) satellite have four visible, two near-infrared (NIR), and three short-wave 
infrared (SWIR) bands and a 30-meter spatial resolution. The ALI sensor also records 
images in a panchromatic band with 10-meter spatial resolution. Multispectral images 
from the United States Geological Survey's (USGS) Landsat-7 Enhanced Thematic 
Mapper + (ETM+) sensor contain three visible bands, one NIR band and two SWIR 
bands, all with 30 meter resolution. The USGS Landsat-8 Operational Land Imager 
(OLI) has similar bands as Landsat-7, with two additional visible and NIR bands. Both 
Landsat-7 and Landsat-8 also produce panchromatic images with 15 meter resolution. 
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Table 2.1 Acquisition dates and tidal heights of all satellite images. Tidal heights 
outlined in blue indicate images where reef flat was not inundated during acquisition. 
  
 
Table 2.2 Spectral band coverage for all sensors used in this study. Bands covering the 
Mid-Infrared range are not included and were not used in any capacity in this study. 
 
 
Table 2.3 Sensor spatial resolution and a summary of sensor-specific pre-processing 
steps. 
 
  
Date of 
Acquisition Sensor
Tidal Height       
(m above MSL)
01-May-01 ALI -1.3
02-Jun-01 ALI -0.1
02-Apr-02 ETM+ -0.8
11-Oct-02 ETM+ -0.2
09-May-04 ETM+ -1.2
31-May-06 ETM+ -0.9
07-Mar-10 ETM+ 0.2
19-Nov-10 WV2 0.4
08-Apr-11 WV2 0
20-Oct-11 ETM+ -0.1
16-Mar-12 ALI -1
13-Apr-12 ETM+ -1.3
22-Jul-12 ALI -0.2
24-Jul-12 WV2 -0.1
28-Sep-12 ALI 0.7
01-Feb-13 ALI -0.2
22-Feb-13 ALI 0.3
18-Apr-13 ALI -1
24-Apr-13 OLI 0.6
15-Jun-13 WV2 -0.7
27-Jun-13 OLI -1.1
01-Jul-13 ALI -0.8
06-Jul-13 ALI 0.3
17-Oct-13 ALI 0.9
Sensor
Coastal 
Blue Blue Green Yellow Red Red-Edge NIR1 NIR2 Pan
WV2 400-450 450-510 510-580 585-625 630-690 705-745 770-895 860-900 450-800
ALI 433-453 450-515 525-605 630-690 775-805 845-890 480-690
ETM+ 450-515 525-605 630-690 750-900 1550-1750 520-900
OLI 433-453 450-515 525-600 630-680 845-885 1560-1660 500-680
Band Wavelengths (nm)
Sensor
Multispectral 
Resolution 
(m)
Panspectral 
Resolution 
(m)
Dynamic 
Range
WV2 2 0.5 11-bit
ALI 30 10 16-bit
ETM+ 30 15 8-bit
OLI 30 15 12-bit
Atmospheric correction, geo-rectify, pansharpen
Pre-processing
Gap-fill, pansharpen
Pansharpen
Atmospheric correction
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For the WV2 and ALI sensors, each image was corrected radiometrically using sensor-
specific calibration coefficients. Remote sensing reflectance (Rrs) was calculated as: 
satd
skytoa
rs
tE
LL
R

 ,        Eq. 2.1 
where Ltoa is top-of-atmosphere up-welling radiance measured by the satellite sensor, 
Lsky is diffuse sky radiance incident on the water surface, Ed is down-welling solar 
irradiance incident on the water surface, and tsat is transmittance of radiance from the 
ocean surface to satellite through the atmosphere. The transmittance and irradiance 
terms, taking into account path lengths, were calculated with the freely available 
radiative transfer software libRadtran (Mayer and Kylling, 2005). The sky radiance 
term was estimated using the semi-analytical cloud-shadow method of Lee et al. (2005), 
which has previously been used successfully in Singapore (Bramante et al., 2013; 
Chang et al., 2007). For one of the WV2 images the semi-analytical sky radiance 
correction procedure could not be applied, as clouds were not present in the image. The 
correction term was thus omitted for this image, which was acquired on June 15, 2013. 
However, this image and the WV2 image acquired on April 8, 2011 are both used for 
explicit quantification of seagrass biomass in Chapter 4. Therefore, for consistency a 
separate atmospheric correction neglecting the sky radiance term was performed for the 
April 8, 2011 image for its use in Chapter 4 alone. None of the Landsat images (OLI 
and ETM+ sensors) were atmospherically corrected, as such correction was deemed 
both unlikely to improve classification of ETM+’s 8-bit data and problematic due to the 
necessary combination of images using a gap-fill methodology. 
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2.3. Correcting the ETM+ scan-line corrector error 
Due to a mechanical failure of the onboard scan-line corrector (SLC), all images 
acquired by ETM+ after May 31, 2003 have large data gaps, which had to be filled 
prior to classification. Multiple images taken by the sensor were stitched together to fill 
in these gaps, using a procedure outlined by the USGS (2004). This procedure fills the 
gaps of a primary image with data from secondary, recently-acquired images using 
empirical corrections to account for differences in illumination, sun-elevation, and 
internal gain and bias coefficients between the two dates. This correction requires 
obtaining multiple ETM+ images acquired within as short a time-period as possible, 
because any surface changes that occur within the gap being filled between two images 
may lead to erroneous image interpretation. There were five instances where ETM+ 
images were combined in this manner (Table 2.4). 
 
Table 2.4 ETM+ images combined during the gap-fill process. 
  
 
 
 Secondary and tertiary images were selected to also have as close a tidal stage to the 
primary image as possible. All secondary images except the one acquired on April 23, 
2004 were acquired with tidal heights within 0.25 m of the primary image tidal height.  
Unfortunately, the same was not possible for the tertiary images, of which two, 
acquired on May 29, 2006 and July 13, 2004, had tidal heights over one meter greater 
than those of the primary images.  I do not expect these tidal height differences to have 
a severely detrimental effect on the classifications applied to these images in Chapter 3, 
Primary Image 
Date
Secondary Image 
Date
Tertiary Image 
Date
13-Apr-2012 29-May-2012 16-Jun-2012
20-Oct-2011 7-Dec-2011
7-Mar-2010 18-Nov-2010 3-Feb-2010
31-May-2006 18-Jul-2006 29-May-2006
9-May-2004 23-Apr-2004 13-Jul-2004
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as the tertiary images make up a low proportion of the final image product.  However, 
it is possible that the increased tidal height changed the seagrass spectral signal enough 
to slightly increase error in the classifications of these composite image products.  
 
After atmospheric correction and gap-fill, ALI, ETM+, and OLI images were all 
pansharpened to take advantage of the higher spatial resolution of the panchromatic 
bands. The pansharpening was performed using the intensity, hue, saturation (IHS) 
method (Wang et al., 2005). Unfortunately, this method only allows three multispectral 
bands to be sharpened at a time, so the procedure was performed twice, once with 
conventional red, green, and blue (RGB) bands and again with the lowest-wavelength 
NIR band replacing the red band (NIRGB). Through this method, the three-band 
images are transformed from RGB space to IHS color space. The hue and saturation 
bands are then up-sampled to the panchromatic band resolution. Then the panchromatic 
band is histogram-matched to the intensity band and used to replace the intensity band 
in the IHS image. The IHS image is then transformed back to RGB color space. Once 
this process is completed for both the RGB and NIRGB images, the “red” band from 
the NIRGB image is layered with the RGB image to form a pansharpened image with 
NIR, red, green, and blue bands. 
 
Finally, the ALI images were georectified using the higher resolution Worldview-2 
images to generate ground control points (GCPs). At least 20 ground control points 
were selected for each ALI image and their positions in the ALI image located 
iteratively until the root mean squared error (RMSE) of GCP to ALI image positions 
after a simple linear transformation was reduced to six meters or below.  Rectifying an 
image to within an RMSE of less than half the image cell size requires that one 
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accurately locate GCPs within pixels of the larger image, instead of just identifying the 
pixel within which the GCP is located. As a pixel’s value is constant across the pixel, 
this requires painstaking iteration and higher order corrections for diminishing returns 
(Schowengerdt, 1997).  As relative distances and area were more important for my 
research than absolute positional accuracy, this was deemed unnecessary. 
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3. Trends in Seagrass Bed Extent 
3.1. Obstacles to remote sensing of seagrass 
Remote sensing has been used as a seagrass monitoring tool for over half a 
century, but obstacles to accurate assessment of seagrass still remain. Early applications 
of remote sensing technology to monitor seagrasses involved the use of aerial 
photography to quantify extant meadows and track changes in characteristic formations 
(Patriquin, 1975; Young and Kirkman, 1975). Archival aerial photographs from at least 
as far back as 1956 have been used to establish long term trends in seagrass habitat 
extent (Pulich and White, 1991). The breadth and utility of remote sensing methods 
expanded with the launch of the first Landsat satellite in 1972, and by 1993 Landsat 
images were being used to directly quantify seagrass biomass (Armstrong, 1993). One 
of the major constraints to precise mapping of seagrass has been the spatial resolution 
of satellite images, as seagrass patches can be much smaller than ground field of view 
(GFOV) (Robbins, 1997). In fact, image resolution, relative to landscape 
fragmentation, can be the greatest source of error, especially when performing cover 
change analysis with multi-resolution images (Ferwerda et al., 2007; Meehan et al., 
2005). Another major source of error when measuring seagrass habitat is mis-
classification of macroalgae as seagrass and vice versa, often resulting in either 
overestimation or underestimation of extent depending on methods, even when using 
high resolution images (Costello and Kenworthy, 2011; Barille et al., 2010; Phinn et al., 
2008). This source of error may especially be a problem in Singapore, where 42 species 
of the macroalgae Sargassum have been identified (Lee et al., 2009). Although other 
macroalgae are likely to contribute to error, Sargassum is especially problematic as it 
forms tall, dense, and extensive canopies similar to E. acoroides on Pulau Semakau. 
This macroalgae grows in abundance around the edges of reef flats and experiences a 
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seasonal pattern of strong biomass increase during the cool months of November to 
January and a subsequent die-off during the warmer months of March to May (Low, 
2011). Further error is often caused by imperfect geo-rectification and even uncertainty 
in error analyses themselves due to error in geo-location of validation data (Phinn et al., 
2008). Finally, in any remote sensing study using multiple images, noise and its effect 
on image quality become significant variables controlling variability in accuracy 
between images. Especially for aquatic remote sensing, low signal-to-noise ratios over 
water can impinge the quality of classification and physical modelling procedures 
(Brando et al., 2009; Brando and Dekker, 2003). Noise can be introduced to an image 
from atmospheric interference with a ground signal before it reaches the satellite, pre-
processing procedures, and from noise inherent to a sensor’s optics and electronics. 
Normally, the signal from the ground is much larger than small perturbations from 
these sources, but water absorbs far more than most terrestrial targets, and these 
perturbations can become much more of an issue (Brando and Dekker, 2003). In this 
thesis, I attempt to mitigate or at least quantify each of these sources of error. The 
procedures I used to pre-process satellite images and the procedures I will outline in the 
rest of Chapter 3 are summarized in Figure 3.1. 
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Figure 3.1 Outline of satellite image pre-processing and Chapter 3 procedures. 
 
 
3.2. Classification methods and quality control 
3.2.1.  Quantifying image noise 
To judge the effect image quality had on classification products, an objective 
measure of noise was calculated for each image. This noise measure, the normalized 
noise equivalent difference (NNEΔ) is defined as: 
Calculate NNEΔ and average across bands
Satellite image pre-processing
ETM+ALIWV2
Atmospheric 
Correction
OLI
Pansharpening
Gap-fill
Georectification
Find most homogenous region of image 
using mALCL. Center pixel is ptarget
Sizewindow= 3; σold=0
σnew = standard deviation 
in window around ptarget
?01.001.0 
new
old
old
new or




Yes
No
Increase 
Sizewindow by 2;
σold  = σnew
μ = mean in window 
around ptarget

 newNNE 
Identify training areas in June 15, 2013 WV2 image 
through image interpretation
Perform nearest neighbor supervised classification 
on every image using same training areas
Collect GCPs, measuring location and horizontal 
projected seagrass/algae cover
Compare GCPs to classification for error statistics
Overlay ALI, OLI, and ETM+ results with WV2 results 
to analyze correspondence
Exclude images with NNEΔ>0.1
Seagrass classification
Correction for Sargassum presence
Measure Sargassum reflectance in situ
Compare every pixel in Nov 19, 2010 and Apr 8, 
2011 images to Sargassum reflectance using SCM
Subtract Nov pixel values from Apr image
Identify training areas using identified bloom
Perform supervised classification
Subtract regions classified as seasonal 
Sargassum from seagrass classifications
Sargassum identified in Nov but not Apr 
identified as bloom
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 
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
N
asym
asym
N
NNE
1
1
 

,       Eq. 3.1 
where N is the total number of bands in an image, λ indicates the band number, σasym is 
the asymptotic standard deviation of the image pixel values, and μasym is the mean pixel 
value within the neighborhood for which σasym is calculated. First, σasym is estimated by 
calculating the standard deviation in a three-by-three pixel window surrounding a target 
pixel, and then iteratively calculating the standard deviation of an incrementally 
expanding window until two consecutive standard deviations are calculated to be 
within 1% of each other. Then, μasym is calculated as the average pixel value in the final 
window. This measure is adopted from the noise equivalent difference (NEΔ) of Brando 
and Dekker (2003), but modified to normalize by average pixel values and then 
averaged across all bands. Without averaging and normalization, the NEΔ is a measure 
of the minimum effect a ground target has to have on a satellite image signal before it 
can become distinguished from image noise. By averaging across all bands and 
normalizing by the average pixel value, this measure loses any absolute meaning as a 
measurement of the signal-to-noise ratio of an image, but can instead be better used to 
compare two images with different dynamic ranges, pre-processing steps, and pixel 
value units. However, like the original measure, NNEΔ should be calculated over as 
homogenous a region of the image as possible. 
 
An objective way to find a homogenous region of pixels is to use the Automated Local 
Convergence Locator (ALCL) algorithm of Wettle et al. (2004). The ALCL algorithm 
defines a measure of homogeneity (mALCL) for every pixel of an image as: 
 
 

N
start
ALCL
m
N
m
1
1




,       Eq. 3.2 
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where N is the total number of bands in an image, λ indicates the band number, mσ is 
the slope of a linear regression calculated between neighborhood size and standard 
deviation within that neighborhood, and σstart is the standard deviation of a starting 
neighborhood around the target pixel. The slope mσ is calculated for a series of 
neighborhoods with given start and end dimensions. Wettle et al. (2004) suggest 
starting with three-by-three pixel neighborhoods and ending with 31-by-31. When 
implementing the measurement, a buffer around the edge of each image with width 
equal to the final neighborhood size must be excluded from analysis due to lack of the 
necessary number of neighboring pixels to calculate the final mσ value. I applied this 
measure to images of different resolution, and it was necessary to lower the final 
neighborhood size for coarse resolution images to avoid excluding too much of the 
image from analysis. Thus, 31 pixels were used as the final neighborhood size for WV2 
images and 13 for ALI, OLI, and ETM+ pansharpened images. After mALCL was 
calculated for each pixel in an image, NNEΔ was calculated for the deep water image 
pixel with minimum mALCL. Choice of mALCL was limited to deep water pixels using 
simple single band value threshold masks (Schowengerdt, 1997). By using the ALCL 
algorithm, NNEΔ can be calculated from an objectively homogenous open-ocean area 
instead of relying on subjective homogenous training areas, which can lead to observer 
error (Wettle et al., 2004). 
 
3.2.2.  Classifying seagrass and validating results 
Two surveys of the study area were performed to collect ground control points 
(GCPs) for training and validation prior to classification of the satellite images. The 
surveys were conducted during low tide to facilitate access to the study site by walking 
or wading. Transects were laid 250 m long across shore and 150 m apart along shore, 
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running perpendicular to the reef crest and to the main axis of the seagrass meadow. 
This orientation, displayed in Figure 2.1, was chosen to capture transitions between 
meadow and bare substrata, and the full variability of seagrass cover. Photographs 
(Hero3 Black, GoPro, USA) were taken every 30-35 meters from a height of 
approximately 1.5 m to capture an area of 4 m2 and geo-referenced using real-time 
kinematic (RTK) GPS with position error of less than 0.5 meters (Geo 6000XH, 
Trimble, USA). Horizontally-projected seagrass cover was estimated for each photo, 
similar to the methods of Phinn et al. (2008). A regular grid containing 49 gridline 
intersections was overlaid on each photograph and the substratum under each 
intersection was identified as seagrass, macroalgae or bare substrata. The proportion of 
intersections in each photo covering seagrass or macroalgae was recorded as the 
horizontally-projected cover of seagrass and macroalgae, respectively. The first survey 
in July 2013 collected 76 GCPs; and a second survey conducted in early September 
2013 collected 59 points for a total of 135 control points. Only the classifications of 
images acquired soon before or after the survey dates could be validated, and the error 
estimated from these classifications were assumed to be indicative of error for all of the 
classification procedures. The image classifications validated using the GCPs were the 
WV2 image acquired on June 15, 2013, the ALI images acquired on July 1 and July 6, 
2013, and the OLI image acquired on June 27, 2013. 
 
The satellite images were classified based on presence/absence of seagrass. Hence to 
indicate seagrass presence for training and validation, a threshold for horizontally 
projected cover of 10% was adopted. This threshold was set to obtain a conservative 
estimate of the total extent of the meadow and avoid misclassification at low cover as 
observed in previous studies (Lyons et al., 2011; Phinn et al., 2008). The same 
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threshold of 10% cover was also adopted to indicate the presence of macroalgae. If a 
GCP had both seagrass and macroalgae over this threshold, it was classified as 
whichever had the larger cover value. Supervised classification of the image was 
performed by delineating training areas using image interpretation and expert 
knowledge of land cover for the following surface cover classes: seagrass, macroalgae, 
mudflat, forest, deep water, developed land, seawall, and bare sand. 
 
The WV2 image acquired on June 15, 2013 was classified first, and every subsequent 
classification started with the training areas delineated for this first image. If it was 
clear that the training areas did not match their intended cover classes in subsequent 
classifications, they were shifted. This shifting of training areas was only required when 
there was heterogeneity of edge pixels within the training areas in lower resolution 
images, when changes in water quality between images required redrawing deep water 
training areas, when geographic registration errors in ALI images caused previously 
delineated training areas to be misaligned, and very rarely when a class present in June 
2013 training areas were not present in earlier images. The supervised classification 
procedure was conducted using nearest neighbor, also known as minimum Euclidean 
distance, classification, as the training areas containing narrow seagrass bed or 
macroalgae cover sometimes contained too few pixels for maximum likelihood 
classification in coarser resolution images. In nearest neighbor classification, the band 
values of the pixel to be classified are compared to the mean band values in each 
training area. This comparison is carried out using Euclidean distance, treating each 
band as a separate dimension.  The pixel is assigned to the class of the training area 
which had the lowest Euclidean distance. 
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Three statistics were used to detail the classification accuracy: producer accuracy, user 
accuracy, and overall accuracy (Lyons et al., 2011; Phinn et al., 2008; Roelfsema et al., 
2008; Congalton, 1991). As the classification was performed from image interpretation 
alone, all GCPs collected during the field survey were used for validation. For the 
calculation of these statistics, validation and classification results were grouped into 
three categories: “seagrass”, defined by the 10% horizontally projected cover threshold; 
“macroalgae”, also defined by the 10% horizontally projected cover threshold; and 
“other”, all remaining data. Overall accuracy is simply the proportion of all validation 
points that were correctly classified for an image. It is a summary statistic combining 
the separate accuracies of all three categories. Producer accuracy, equivalent to 1 – 
omission error, is calculated separately for each category and can be interpreted as the 
chance that validation data have been correctly classified. Conversely, omission error 
can be interpreted as the probability that a given pixel has been misclassified, and for 
aggregate measurements of surface cover it can be interpreted as the expected amount 
of underestimation (Congalton, 1991). User accuracy, equivalent to 1 – commission 
error, is also calculated separately for each category and can be interpreted as the 
probability that a location classified as a specific cover class contains that cover class in 
the field. Conversely, commission error for a given cover class is the probability that 
other classes have been misclassified as the given cover class, and for aggregate 
measurements of surface cover it can be interpreted as the expected amount of 
overestimation of a given class (Congalton, 1991). Equal commission and omission 
errors indicate unbiased classification and accurate aggregate measurements, while 
unequal errors can lead to over- or under-estimation of aggregate statistics. 
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3.2.3.  Comparing classifications at multiple resolutions 
Following validation, the classifications from different sensors were compared 
for inter-sensor differences. It would be incorrect to assume that classifications 
produced at multiple resolutions would be perfectly correlated spatially, as coarser 
resolution images capture habitat edges more poorly, which could lead to over- or 
under-estimation of seagrass cover along the edges of the bed. Also, image artifacts that 
affect a few pixels in a coarse resolution image will have a much larger impact on the 
resulting classification than in a higher resolution image. For each product comparison, 
a classification from one of the lower-resolution ETM+, ALI, or OLI sensors was 
overlaid on a WV2 image classification. The differences in classification were then 
assessed qualitatively and quantified by determining the proportion and absolute area of 
overlapping classification and under- and over-estimation by the lower resolution 
image product. The number of comparisons possible was strictly limited by the 
availability of image products acquired on closely corresponding dates, as comparing 
two images taken relatively far apart in time would make it impossible to separate 
classification discrepancies caused by resolution differences from discrepancies caused 
by actual change in habitat structure. Under these constraints, only two ALI/WV2, one 
OLI/WV2, and one ETM+/WV2 image pairs could be compared. 
 
3.3. Accounting for the presence of Sargassum 
While it is difficult to separate the spectral signals of macroalgae and seagrass, 
the seasonal growth and decline of Sargassum can be used to identify geographic areas 
where that genus is likely to dominate. Two of the WV2 images acquired for this study 
were acquired on dates well placed to determine the extent of the Sargassum bloom. 
The November 19, 2010 image was acquired during the biomass bloom peak period, 
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while the April 8, 2011 image was acquired during the peak die off period. By 
contrasting the areas containing seagrass in each image, the bloom extent could be 
identified as the area containing Sargassum on November 19, 2010 but not on April 8, 
2011. This method has the added advantage of mitigating misclassification of 
macroalgae as seagrass. If one assumes that there was unlikely to be major change in 
seagrass cover between the acquisitions of the two images, one can also assume that 
changes in cover classification are due to the seasonally fluctuating Sargassum and not 
to seagrass changes. 
 
3.3.1. Collection of in situ spectral samples 
To restrict the change detection to macroalgae patches and avoid quantifying 
change in other benthos, spectral signatures of Sargassum were measured in situ for 
comparison with WV2 data. The spectral signatures were collected using a field 
spectroradiometer (HH2, Analytical Spectral Devices, USA) that measures reflected 
light at wavelengths between 325 and 1075 nm, with a resolution of 1 nm and 
bandwidth of 3 nm. Remote sensing reflectance was calculated from measurements 
using a nadir-viewing angle and an angle of view (AOV) of 10°, made with 5 replicate 
measurements from 10 cm above the water surface. Consecutive spectral measurements 
of macroalgae and a Spectralon reflectance standard were used to derive remote sensing 
reflectance of the in situ macroalgae as: 
st
stuw
rs
L
RL
R




,        Eq. 3.3 
where Luw is leaving-water up-welling radiance, Rst is the known reflectance of that 
standard, and Lst is radiance measured from the reflectance standard. All measurements 
were made in January, 2012 along the coastline of St. Johns Island and have previously 
been presented by Bramante et al. (2013). 
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When taking field reflectance measurements, it is important to avoid equipment and 
vessel self-shading, to measure Lst separately for every set of Luw measurement, and to 
minimize the time taken between Lst and Luw measurements.  If the target area is 
inadvertently shaded by the experimenter or sensor, the target reflectance can change 
drastically, which is why it has been suggested that all measurements be made at an 
azimuth angle of 135° from the sun (Mobley, 1999), and I followed this prescription. 
Mobley (1999) also suggests taking measurements at a 40° angle from vertical, but I 
was attempting to compare field reflectance measurements with satellite measurements 
that would be capturing images at a viewing angle close to nadir, so I used an at-nadir 
viewing angle. Radiance measurements of the reflectance standard and target must be 
taken as close together as possible, because even minor changes in downwelling 
radiance can have a large impact on calculated reflectance (Simis and Olsson, 2013). 
These small changes in irradiance can occur because of a shift in the solar zenith angle 
or the movement of clouds in the sky, which are common in Singapore and has a large 
impact on the distribution of downwelling diffuse radiance. I also attempted to reduce 
error by only taking measurements when water had settled after being disturbed. Waves 
increase the amount of sky radiance and sun glint reflected into the sensor and can be a 
source of error (Mobley, 1999). 
 
3.3.2. Sargassum change detection and classification methods 
Supervised classifications of images and comparison of the resulting thematic 
images, a common method of thematic change detection (Schowengerdt, 1997), was 
stymied by over- and under-classification of Sargassum in the study area because of 
difficulties in separating Sargassum growing along the deep reef crest from deep open 
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water. Instead, the differences between band values were computed individually for the 
two dates on a pixel-by-pixel basis. Each band in the November 2010 image was 
subtracted from its corresponding band in the April 2011 image. In a band-difference 
image, assuming that the atmospheric correction was sufficiently accurate, areas with 
unchanged cover between the two dates will have a value near zero, while areas with 
changed cover should have a unique spectral signature related to the change in spectral 
reflectance properties between cover types. This makes it far easier to separate changed 
and unchanged geographic areas. 
 
The change detection performed in this study used supervised classification to 
distinguish regions of algal bloom, but utilized a novel method to choose training areas 
more objectively. To avoid ambiguity and misclassification of cover types, an initial 
mapping of Sargassum distribution was performed on the November and April images 
using the mean spectral signature collected in situ. Every pixel within the November 
and April images was compared to the in situ spectral signature using the statistical 
Spectral Correlation Mapping (SCM) method (de Carvalho and Meneses, 2000; van der 
Meer and Bakker, 1997). This method is effective for initial identification, but is too 
strict to be used for change detection, as it is overly sensitive to noise and the spectral 
range used for classification and so cannot account fully for variability in the spectral 
signature of a land cover type across an image (van der Meer, 2006). Areas identified as 
Sargassum using the SCM method in the November 2011 image, but not in the April 
2011 image, were then used as training areas. 
 
The areas classified as belonging to Sargassum bloom from this analysis were then 
compared with areas identified as seagrass in the time-series classification analysis 
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from Chapter 3.2. Anytime these areas overlapped, the land cover class in the time 
series analysis was changed from seagrass to Sargassum. This analysis was expected to 
reduce the amount of seagrass misclassified as Sargassum in the classification analysis, 
and thus provide more conservative estimates of seagrass extent. This analysis of 
Sargassum bloom extent is not without error, however. The identification of Sargassum 
outlined here implicitly assumes that the images acquired on November 19, 2010 and 
April 8, 2011 are representative of the peak and trough of Sargassum extent 
occurrences, respectively. This assumption cannot be verified, as there are no 
measurements of macroalgae extent over that time period for the study site. Even if 
these images were to accurately capture the range of macroalgae cover over this time 
period, there are two more implicit assumptions in the analysis: 1) the presence of 
seasonally changing Sargassum cover precludes the existence of seagrass meadow; and 
2) the macroalgae bloom over this time period is representative of seasonal blooms 
every year included in the time-series classification exercise. The first assumption 
could be violated if seagrass species adapted to lower light regimes survived under a 
dense Sargassum canopy – but this would only affect the time-series analysis if there 
were a change in seagrass cover under the Sargassum canopy between dates. The 
second assumption is also problematic, as there may be inter-annual variability in the 
extent of the Sargassum blooms on the reef platform, making this analysis of a single 
year inappropriate for other years considered. Finally, this analysis only accounts for 
macroalgae with seasonally varying cover, and does not eliminate the possibility that 
permanent macroalgae cover could be classified as seagrass in the analysis. 
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3.4. Results of classification and error analysis  
3.4.1.  Image noise analysis 
Values of NNEΔ for all images were roughly similar, even when compared 
between sensors (Table 3.1). For some images, the minimum mALCL value (calculated in 
Chapter 3.2) was near the edge of the image and standard deviation values within the 
expanding windows used were unable to converge before the window reached the 
image edge. In these instances the origin point for the mALCL calculation was moved 
inwards from the image edge iteratively until the standard deviation values converged. 
For these images, NNEΔ values were of the same order of magnitude before and after 
convergence. However, for one image, acquired by ALI on March 16, 2012, standard 
deviation measurements did not converge during this analysis, even when mALCL was 
iterated away from the image edge and after training areas were chosen manually. The 
absence of convergence across the most homogenous sections of the image indicates 
that noise in this image dominates the signal, and thus it was removed from all further 
analysis. 
 
The NNEΔ values displayed in Table 3.1 represent the ratio of the standard deviation of 
the most homogenous group of pixels in an image to the mean of these pixels. Thus, 
they are similar to coefficients of variation, and can be loosely interpreted as a relative 
measure of the influence noise has on optical signals in an image. This statistic is 
calculated for the most homogenous section of deep water pixels, which due to strong 
water absorption and no bottom albedo, are likely to have the lowest signal-to-noise 
ratio. In shallower water outside of this homogenous area, the image is likely to have at 
least as much noise, but have a higher overall signal-to-noise ratio due to stronger 
reflectance than deep water. When a signal-to-noise ratio becomes too low, noise 
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overrides the underlying spectral characteristics of surface cover and increases the 
probability of misclassification. Nearly all of the images have NNEΔ values 
significantly less than 0.1, indicating low dispersion attributable to image noise. 
However, one WV2 image and three ALI images have NNEΔ values significantly 
above this threshold and about an order of magnitude greater than the other images. 
This analysis indicates that noise is overwhelming spectral signals from ground cover 
in these four images, but does not specify the source of this noise. Due to the 
uncertainty this noise would add to further analysis, these four images were removed 
from further consideration.  
 
Table 3.1 NNEΔ and seagrass cover calculated for all images used in this study 
  
 
  
Date of 
Acquisition Sensor NNEΔ
Initial Seagrass 
Extent (m
2
)
01-May-01 ALI 0.029 392,400
02-Jun-01 ALI 0.100 359,200
02-Apr-02 ETM+ 0.056 445,950
11-Oct-02 ETM+ 0.034 499,275
09-May-04 ETM+ 0.060 450,225
31-May-06 ETM+ 0.100 480,375
07-Mar-10 ETM+ 0.037 340,425
19-Nov-10 WV2 0.356 322,128
08-Apr-11 WV2 0.028 311,748
20-Oct-11 ETM+ 0.069 346,725
16-Mar-12 ALI N/A 221,200
13-Apr-12 ETM+ 0.050 276,075
22-Jul-12 ALI 0.550 196,100
24-Jul-12 WV2 0.028 273,108
28-Sep-12 ALI 0.019 218,900
01-Feb-13 ALI 0.336 178,000
22-Feb-13 ALI 0.026 212,600
18-Apr-13 ALI 0.212 211,000
24-Apr-13 OLI 0.004 284,625
15-Jun-13 WV2 0.053 258,136
27-Jun-13 OLI 0.002 252,900
01-Jul-13 ALI 0.008 195,600
06-Jul-13 ALI 0.011 186,800
17-Oct-13 ALI 0.021 208,600
37 
 
3.4.2.  Classification error analysis 
After classification, four separate classified images representing WV2, ALI, and 
OLI sensor products were analyzed for error using 135 validation points. In each case, 
images from each sensor acquired closest in time to the July, 2013 validation survey 
were chosen. As two images from ALI were available in July, classification accuracies 
of both images were analyzed.  
 
The WV2 image acquired on June 15, 2013 had the highest accuracy, which is 
unsurprising given its superior spatial resolution of 2-meters. The overall accuracy of 
the image’s classification was 76.3%, but producer and user accuracy of the seagrass 
identification were 82.9% and 80.6%, respectively (Table 3.2). The small difference 
between producer and user accuracy indicates that this classification was unbiased and 
no more likely to overestimate seagrass cover than underestimate it. Seagrass was also 
not often confused with macroalgae, as only two pixels of forty identified as seagrass 
contained macroalgae, and no pixels identified as macroalgae contained significant 
seagrass. Thus, at least for this image macroalgae is an unlikely source of error. 
Contrasted with seagrass, macroalgae had higher user accuracy, but much lower 
producer accuracy, at 82.6% and 52.8%, respectively. This discrepancy may indicate 
that the training areas established for macroalgae were too conservative, resulting in 
few other classes being mistaken for macroalgae. In comparison, nearly 50% of the 
macroalgae identified during the field validation exercise was misclassified as “other”. 
However, this may also reflect the majority of macroalgae in the study area being found 
in deeper water near the reef edge. The greater overlying water column may make it 
easier to mistake macroalgae as deep water in satellite images. 
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Table 3.2 Summary of error analysis for classification of the June 15, 2013 WV2 
image 
 
 
The ALI images appeared to have lower overall accuracy than WV2, but retained the 
same pattern of user and producer accuracy between seagrass and macroalgae. Overall 
accuracy was 74.8% for the July 1, 2013 image and 63.7% for the July 6, 2013 image 
(Tables 3.3 and 3.4). For the July 6 image, producer and user accuracy for seagrass 
were 66.7% and 68.6%, respectively, while for macroalgae they were 81.3% and 36.1%, 
respectively. Again this reflects unbiased classification of seagrass extent, but an overly 
conservative classification of macroalgae extent. No seagrass was misclassified as 
macroalgae or vice versa. For the July 1 image, however, seagrass user accuracy was 
significantly lower than producer accuracy, at 70% and 80%, respectively. Of the pixels 
misclassified as seagrass, 30% actually contained macroalgae. This discrepancy in 
accuracy indicates that seagrass extent in this image is likely overestimated with a 
significant portion of this overestimate due to misclassification of macroalgae. 
Conversely, macroalgae classification from this image is a little less biased, with 
producer and user accuracy of 63.9% and 71.9%, respectively. Thus, the classification 
of macroalgae in this image appears less conservative than any of the other images 
considered. 
 
 
 
Class Seagrass Macroalgae Other Total
Seagrass 29 2 5 36 80.6
Macroalgae 0 19 4 23 82.6
Other 6 15 55 76 72.4
Total 35 36 64 135
82.9 52.8 85.9 76.3
Overall Accuracy (% )
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)
Producer Accuracy (% )
WV2 - 2013/06/15
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Table 3.3 Summary of error analysis for classification of the July 1, 2013 ALI image 
 
 
Table 3.4 Summary of error analysis for classification of the July 6, 2013 ALI image 
 
 
 
Surprisingly, the classification produced from the OLI image, acquired on June 27, 
2013, was similar to with that produced from the ALI images. Overall accuracy was 
68.1%, with producer and user accuracy for seagrass of 77.1% and 60%, respectively 
(Table 3.5). As with the July 1 ALI image, this reflects slight overestimation of 
seagrass extent, with some misclassification of macroalgae accounting for nearly 30% 
of this overestimation. As with the WV2 image, producer accuracy of macroalgae is 
much lower than user accuracy, at 88.2% and 41.7%, respectively. The fact that the 
OLI image was similar to the ALI images is surprising, as the latter have higher spatial 
resolution and greater dynamic range theoretically allowing for better separation of 
cover classes. However, the OLI sensor was launched in 2013, 13 years after the ALI 
sensor, and is a direct successor to ALI, so it probably benefits from updated optics and 
electronics. 
Class Seagrass Macroalgae Other Total
Seagrass 28 4 8 40 70.0
Macroalgae 3 23 6 32 71.9
Other 4 9 50 63 79.4
Total 35 36 64 135
80.0 63.9 78.1 74.8
Overall Accuracy (% )
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ALI - 2013/07/01
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Class Seagrass Macroalgae Other Total
Seagrass 24 0 12 36 66.7
Macroalgae 0 13 3 16 81.3
Other 11 23 49 83 59.0
Total 35 36 64 135
68.6 36.1 76.6 63.7
Overall Accuracy (% )
Field Observation
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Table 3.5 Summary of error analysis for classification of the June 27, 2013 OLI image 
 
 
 
The results from this validation exercise are promising, as the identification of seagrass 
is fairly unbiased and is at least 60% accurate for all of the images. The 60-70% 
accuracy of the Landsat and ALI classifications and the greater than 80% accurate 
identification of seagrass from the WV-2 imager are equivalent to that which is 
commonly reported in the literature (Ferwerda et al., 2007). Assuming that these 
accuracies are representative, the classifications should be accurate enough to detect 
large changes over time. However, there is some uncertainty in extrapolating errors to 
other images acquired by the same sensors. These images may have better or worse 
quality than others included in this research, and the validation may not accurately 
reflect total classification, as the GCPs were spread out over a large area, with data 
gaps in the middle and at the northern ends of the reef platform. Additional measures of 
image quality and classification adequacy can account for these uncertainties in the 
validation. 
 
3.4.3.  Initial trends identified by the classification analysis 
All three sensors appear to show the same trends in seagrass extent at Pulau 
Semakau over the study period, but over different time scales defined by their 
Class Seagrass Macroalgae Other Total
Seagrass 27 5 13 45 60.0
Macroalgae 1 15 1 17 88.2
Other 7 16 50 73 68.5
Total 35 36 64 135
77.1 41.7 78.1 68.1
Overall Accuracy (% )
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OLI - 2013/06/27 Field Observation
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acquisition dates (Figure 3.2). From the WV2 images it is clear that even from April 
2011 to June 2013, the seagrass meadow became narrower along its major north-south 
axis on the west coast of the island. From the ALI image progression it is clear that in 
May 2001 the meadow was even wider along most of its western extent than in April 
2011. This same pattern is repeated in the OLI and ETM+ images.  
 
These results indicate that from 2001 to 2013 there was a significant decline in total 
seagrass meadow area at this site (Figure 3.3). The WV2, OLI, and ETM+ data all 
appear to correspond well with regard to estimates of overall seagrass cover, although 
the lower resolution Landsat data may be overestimating overall seagrass extent 
relative to WV2 estimates. Conversely, ALI estimates of seagrass cover appear to 
underestimate total extent consistently, relative to the other sensors. Whichever sensor 
one examines, however, total seagrass extent on Pulau Semakau has declined by about 
50% from 2001 to 2013, with the decline starting sometime after 2004 or 2006. 
Applying the average commission and omission errors from the ALI images to the 
difference in area between the May 1, 2001 image and the October 17, 2013 image, the 
true decline may have ranged between 36% and 67%. Although the WV2 and ALI data 
appear to indicate that declines from 2011 to 2013 were more gradual than before 2011, 
the data do not show a termination or rebound of the decline up to the end of 2013. 
According to Landsat and WV2 data, seagrass extent was 50 hectares in June 2002, 
declining to 25.3 hectares in June 2013. According to ALI data, seagrass extent was 39 
hectares in May 2001, declining to 20.9 hectares in October 2013. The difference in 
magnitude between estimates from ALI classification products and those of the other 
sensors required direct comparison to determine if consistent over- or under- estimation 
is occurring, as outlined in Chapter 3.4.4. 
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Figure 3.3 Quantification of trends in total seagrass extent from May 2001 to October 
2013. 
 
3.4.4.  Classification comparison 
Despite the lower resolution of OLI, this sensor appeared to produce 
classification products that were qualitatively very similar to those of WV2. In Figure 
3.4a it is clear that the seagrass bed identified by OLI on June 27, 2013 is very similar 
to that identified less than two weeks earlier by WV2 on June 15, 2013. However, this 
overlay of the two products does outline some of the weaknesses of the OLI sensor 
relative to WV2. For example, the arm of seagrass meadow straying towards the 
fringing reef crest at the southern end of the study area in the OLI product is likely 
misclassification of ancillary cover as seagrass. The accuracy analysis showed that this 
product had low user accuracy for seagrass identification; and this discrepancy in the 
south of the study area is likely the source of this lower accuracy. Additionally, the 
lower resolution of 15 meters of the OLI image prevents the detection of many small 
patches of seagrass identified in the WV2 image along the reef edge further north. If 
these small patches fail to make up a significant proportion of the area covered by a 15-
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by-15 meter pixel, their detection in the OLI image is impossible. Along the central 
band of the seagrass meadow, in the northern third of the study area, there is an entire 
section of meadow that is detected in the WV2 image but not in the OLI image. 
Although this section is wider than 15 meters, it is probably not much larger than 30 
meters. The pansharpening procedure performed on the OLI and ETM+ images is 
restricted in utility by the size of the multispectral image pixels. If the center of this 
section of seagrass lies along the edge of two columns of 30-by-30 meter pixels in the 
OLI image, the seagrass is unlikely to significantly affect the signal in these pixels 
relative to the bright sediment on either side of the meadow, and thus the section 
becomes undetectable in the OLI image.  
 
In contrast to the OLI classification product, the ETM+ classification product examined 
here performs more poorly. The ETM+ product displays the same difficulty as the OLI 
product in detecting the edges of the seagrass bed because of the inadequacy of 
multispectral resolution (Figure 3.4b). However, it also displays an odd pattern of 
seagrass classified in the ocean pixels and on the adjoining patch reef. This pattern is 
due to the gap-fill process. The majority of the final image is derived from one ETM+ 
image, and so generally a high quality image is chosen as the primary material. 
However, sometimes substandard images are the only ones available to fill in gaps left 
by the SLC malfunction. In this case, two gaps had to be filled. The southern gap was 
successfully filled such that the only evidence left are small teal and yellow image 
artifacts at the edges of the gap. The image data available to fill the northern gap were 
of poor quality, however, and caused the classification procedure to overestimate the 
presence of seagrass. Additionally, heavy haze near the northern end of the study area 
was misclassified as seagrass cover and likely prevented a small portion of the main 
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seagrass meadow from being detected. Unfortunately, these obstacles are representative 
for many of the ETM+ images acquired after 2003 and used in this study. 
 
 
Figure 3.4 Comparison of the seagrass classification mapping performed on a) an OLI 
image and b) an ETM+ image to the classification performed on a WV2 image for a 
nearby date. The image acting as the background in a) is a true-color display of the 
June 15, 2013 WV2 image, while the image used in b) is a true-color display of the 
gap-filled April 13, 2012 ETM+ image. 
 
 
The products derived from the ALI sensor appear to have variable quality, but appear 
capable of replicating the spatial patterns in WV2 products well. Immediately visible in 
Figure 3.5b, the ALI image products were sometimes unable to detect small patches 
along the reef edge just as with the OLI image products. Additionally, although the ALI 
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image detected the very narrow central band of seagrass in the northern half of the 
study area, it failed to fully cover the entire meadow and performed poorly near the 
edges of the meadow. These phenomena are also likely due to the limits of 
pansharpening outlined for the OLI image. Besides these phenomena, however, the 
ALI product in Figure 3.5b replicates the spatial distribution of seagrass in the WV2 
product well. However, the ALI product displayed in Figure 3.5a shows far less 
correspondence. Although it manages to replicate the spatial patterns of narrow 
seagrass bands along the fringing reef edge, and even the some regions of the complex 
seagrass meadow on the eastern side of the island, the ALI product was unable to 
correctly classify large portions of the central seagrass meadow, especially in the 
southern half of the image. In fact, these gaps in the classified meadow were 
misclassified as macroalgae. As this did not appear to be a problem in the accuracy 
assessment nor in Figure 3.5b, this misclassification is likely due to poor image quality 
specific to the September 28, 2012 ALI image. Although this image does not have a 
large NNEΔ, the tidal height above mean sea level at the time this image was taken was 
0.7 meters. This indicates a very high tide, and it is possible that the high water level, 
accompanied with poor water quality, may have made it more difficult to distinguish 
between macroalgae and seagrass, leading to this discrepancy. 
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Figure 3.5 Comparison of ALI seagrass classification map products to the WV2 
classification products from a) July 24, 2012 and b) June 15, 2013. The background 
images are true-color displays of the WV2 images. 
 
 
Quantitatively, the lower resolution image products did not replicate the coverage of 
WV2 image products very well. Overall the OLI classification product overlapped the 
WV2 product for 67.4% of the total areal seagrass cover measured in the WV2 image 
(Table 3.6). It also classified an additional 30.9% of the total WV2 coverage as 
seagrass, but this area did not match with the WV2 product. The ALI and ETM+ sensor 
products performed more poorly, with an average direct correspondence of 48% and 
43.7%, respectively. These statistics do not necessarily reflect the accuracy of the 
coarser resolution products, as the earlier accuracy assessment has shown that even the 
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higher resolution WV2 classifications tended to overestimate seagrass cover by 19% in 
some areas and underestimate it by 17% in others. Instead, this quantitative analysis is 
important to determine whether each sensor will produce the same aggregate estimate 
of seagrass cover for a given date, even if they do not produce the same map of 
seagrass extent. Like the OLI product, the ETM+ product examined appeared to 
overestimate an amount of seagrass equal to the amount failing to correspond with the 
WV2 image. If these products are considered representative of all image products from 
the sensors considered in this study, aggregate estimates of seagrass areal extent from 
these sensors are unbiased relative to the WV2 aggregate estimates. However, for both 
ALI images examined in this analysis, overestimation by the lower resolution product 
only accounted for half of the WV2-classified area they failed to detect. Thus, on 
average, the ALI images underestimated total seagrass extent by 27% relative to the 
WV2 images. If these images can be assumed representative of all ALI images, this 
would explain why most of the ALI aggregate estimates of seagrass cover are 
considerably lower than those from the other sensors in Figure 3.3. 
 
Table 3.6 Quantitative assessment of correspondence between lower resolution 
classification and WV2 classification. 
 
 
 
3.4.5 Possible error due to tidal height 
 
 Unfortunately, my attempts to quantify and control for error were unable to 
account for one possible source – the influence of tidal height on classification results. 
After entering the water column, light is attenuated exponentially with depth until it 
Acquisition 
Date Sensor
WV2 
Acquisition 
Date
Seagrass Bed 
Area (m
2
)
WV2 Seagrass 
Bed Area (m
2
)
Proportion 
Overlapping 
(% )
Proportion 
Overestimated 
(% )
Proportion 
Underestimated 
(% )
13-Apr-2012 ETM+ 24-Jul-2012 276075 269325 43.7 58.7 56.3
28-Sep-2012 ALI 24-Jul-2012 196100 273200 40.9 30.9 59.1
1-Jul-2013 ALI 15-Jun-2013 195600 264100 55.1 18.9 44.9
27-Jun-2013 OLI 15-Jun-2013 252900 256275 67.4 30.9 32.6
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reaches the bottom, and then upon reflecting off the substrate light is again attenuated 
exponentially with distance back up through the water column before being received by 
a sensor (Bramante et al., 2013). The attenuation of the reflected light signal decreases 
the strength of the signal. If the attenuation is significant enough, and noise due to 
sensor setup or ambient effects large enough, the signal could become very noisy. For 
classifications, this would likely cause classification errors at the boundaries between 
two ground cover classes with similar reflectance characteristics. For example, in areas 
of very low seagrass cover, this increase of the signal-to-noise ratio could cause areas 
of low seagrass cover to be misclassified as bare sediment, and vice versa. One option 
to attempt to account for this water attenuation would be to apply a water column 
correction such as the depth-invariant index discussed in Chapter 4.1.2. However, these 
types of correction generally require an assumption that water quality is homogenous 
across the study area. As discussed in Chapter 4.5.3, however, this assumption is 
sometimes broken in my study area and could have contributed more to error.  
Additionally, the seagrass bed I was studying was located largely on the very shallow 
reef flat, so the water depths required to disrupt the signal so much would probably 
only occur at very high tide and with very bad water quality. Unfortunately, that may 
have occurred during the acquisition of the September 28, 2012 image, as discussed in 
Chapter 3.4.5. The difference between mean high water spring tides (MHWST) and 
mean low water spring tides (MLWST) in Singapore is 2.3 m (MPA, 2013), and only 
two images, acquired on September 28, 2012 and October 17, 2013, were acquired 
when tidal heights were within 0.5 m of MHWST. For the majority of the images I use 
in this research effort, I assume that water column effects are a small component of 
error, unless specifically indicated as in the discussion of heterogeneous water quality 
in Chapter 4.5.3. 
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3.5. Identification of the influence of Sargassum 
Potential training areas were delineated using SCM and in situ Sargassum 
reflectance spectra to map the extent of Sargassum in both November 2010 and April 
2011 WV2 images. In Figure 3.6 Sargassum is clearly present along the outside edge of 
the intertidal reef flat at Pulau Semakau on November 19, 2010 and absent on April 8, 
2011. Assuming this is representative of the annual biomass increase and die-off, this 
discrepancy was used to train a supervised classification of the extent of Sargassum in 
the difference image between the two dates. In addition to this difference image, a pair 
of ALI images was selected for the same procedure for comparison with the WV2 pair. 
The first ALI image was acquired on July 22, 2012, and the second on February 22, 
2013. The areas delineated as Sargassum between each pair of images are similar in 
three areas (Figure 3.7). Both pairs of images indicate growth and decline of Sargassum 
along the outer, southwestern edge of the intertidal flat, along the very northwestern 
edge of the intertidal flat, and along the northern edge of the patch reef. In addition to 
these areas, however, the WV2 difference image product indicated the presence of 
Sargassum along the central seagrass bed north and south of the image centerline. In 
contrast, the Ali image pair identified only a little Sargassum on the flat itself, and only 
far south of the centerline. Unfortunately, there is no validation data from any of the 
image dates to verify the presence or absence of macroalgae in these areas, although 
coral researchers diving along the reef crest often encounter dense beds of Sargassum 
(per. obs.). 
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Figure 3.6 Extent of Sargassum over the study area mapped over two WV2 images 
using the SCM method. SCM values over 0.7 were considered indicative of Sargassum 
presence. 
 
 
However, the WV2 images may have overestimated the extent of macroalgae on the 
intertidal flat simply because of the order of image acquisition. As indicated earlier 
(Chapter 3.4.3), from at least 2006 to 2013 there was a large decline in seagrass bed 
extent, and the decline appeared as a narrowing of the seagrass bed perpendicular to its 
central, north-south axis. Because the WV2 image representing the maximum extent of 
Sargassum was acquired before the image representing the die-off, it’s possible that 
within this five month time frame there was also a detectable decline in seagrass bed 
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extent. Were this the case, the disappearance of seagrass between the two dates might 
leave a signature in the difference image similar to the disappearance of Sargassum, 
leading to misclassification of seagrass decline as Sargassum decline. On the other 
hand, for the ALI image pair, the image representing minimum annual Sargassum 
extent was acquired 9 months before the image representing maximum extent. It is 
unlikely that the same misclassification could occur in the ALI difference image and so 
I used the extent of Sargassum bloom identified from the ALI image pair to modify the 
total areal extent measured from each seagrass classification.  
 
In each classification image, any seagrass classified within the Sargassum bloom extent 
was reclassified as macroalgae, and the total extent of seagrass bed was recalculated for 
every image. The adjusted seagrass trends can be found in Figure 3.8. It is clear that 
while adjusting for Sargassum seems to have a larger impact on older Landsat and ALI 
image classifications than more recent ones, the adjustment for this seasonal 
macroalgae has no significant impact on the overall trends in seagrass extent. Given the 
uncertainty surrounding this analysis and the lack of validation data for the presence of 
Sargassum, this adjustment is not used in further analysis of absolute seagrass bed 
extent and trends in that extent.  
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Figure 3.7 Extent of Sargassum classified in two image difference pairs using training 
areas delineated from Figure 3.5. 
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3.6. Drivers of decline 
 
These results have negative implications for the state of Singapore's seagrass 
beds beyond this study site. Yaakub et al. (2014a) previously reported a 45% decrease 
in seagrass habitat across Singapore over the past five decades. However, their 
estimates of historical seagrass extent are partially based on the proportion of fringing 
and patch reefs characteristically occupied by seagrass in Singapore. These proportions 
were determined empirically by measuring the occupation of seagrass on nine patch 
and fringing reefs during or after 2010 and normalizing by the total intertidal area of 
those reefs (Yaakub et al., 2014a). Assuming that Pulau Semakau is representative of 
all seagrass habitats in Singapore, however, these occupation estimates strongly 
underestimate seagrass cover from ten years ago, much less five decades. As the 
western coastline of Pulau Semakau has not been involved directly in any land 
reclamation projects these declines are probably caused by increases in turbidity caused 
indirectly by land reclamation efforts and directly by dredging and shipping traffic. 
These three activities were amongst the highest identified in a seagrass vulnerability 
analysis conducted by local researchers and coastal managers (Yaakub et al., 2014a). 
Other dangers identified in that exercise, such as urban runoff, boating activities, 
tourism, and recreational activities are unlikely to have a major impact on the Pulau 
Semakau seagrass beds, as they are located far from the mainland and access is 
restricted by government agencies. Fish farms can have a detrimental impact on 
seagrass habitat through the introduction of high concentrations of organic matter and 
nutrients. This material can cause eutrophication if not flushed or diluted quickly 
enough (Delgado et al., 1999).  Although such eutrophication is unlikely to be a 
problem at our study area, the organic matter can cause localized increases in epiphyte 
growth and anoxic conditions in sediment, which decrease photosynthetic efficiency 
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and rhizome growth, respectively (Holmer et al., 2008; Delgado et al., 1999).  There is 
a small fish farm located near the seagrass bed, but the portion of the bed nearest the 
farm at the southern end of the coastline has declined less than the seagrass bed further 
away, making the farm an unlikely source of decline. As the seagrass beds on Pulau 
Semakau are within three kilometers of the large oil refineries and storage facilities on 
Pulau Bukom and Pulau Sebarok, oil spills and industrial runoff are possible drivers of 
decline, but these periodic events are unlikely to cause sustained decline like that 
experienced by these seagrass beds after 2006. 
 
Chapter 5.3 incorporates measurements of seagrass biomass to analyze rapid 
sedimentation events as a possible driver of seagrass habitat change during the study 
period. 
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4. Remote Quantification of Seagrass Biomass 
4.1. Background 
4.1.1.  Developing a non-destructive index of seagrass biomass 
Biomass is an important quantity for seagrass research. Biomass is important 
for monitoring of meadow health, because its measurement is purely quantitative, 
unlike more rapid methods such as visual estimation of leaf cover and mean biomass 
responds to perturbation quickly (Duarte and Kirkman, 2001).  Additionally, mean 
biomass of a meadow usually has a low coefficient of variation, and this fact, coupled 
with rapid response to disturbance, means that changes in biomass are easily detectable 
statistically (Duarte and Kirkman, 2001). Beyond its uses for monitoring of seagrass 
habitat health, however, biomass has also proven important due to its relationship with 
the carbon storage potential of seagrass. As mentioned in Chapter 1 seagrass has 
proven to be an effective carbon sink because of its high turnover rate and its ability to 
trap suspended matter as a tidal filter. In fact, the carbon storage potential of seagrass 
habitats is large enough that some have called for their protection as carbon sinks and 
buffers against climate change, along the same lines of terrestrial forests (Fourqurean et 
al., 2012). However, any effort to seek governmental protection of specific seagrass 
meadows for carbon storage will require quantifying the carbon stored in seagrass 
meadows requires accurate determination of current above- and below-ground biomass 
and productivity (Rasheed et al., 2008). Additionally, any attempt to apply payment for 
ecosystem services (PES) programs to seagrass habitats, for carbon storage or the 
ecosystem services listed in Chapter 1, will require rigorous and consistent monitoring 
and reporting methods (OECD, 2012).  For these purposes, the ability to remotely 
quantify seagrass biomass will likely prove important, because it correlates with carbon 
production of the seagrass habitat and is a quantitative variable sensitive to disturbance. 
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The estimation of biomass requires the introduction of reflectance quantities that are 
measured and treated as a continuous variable directly related to the continuous 
variability in seagrass cover. Supervised classification of seagrass habitat like that 
performed in Chapter 3, which only considers reflectance measurements after 
aggregation within training areas, has provided a sufficient tool for general 
categorization of seagrass cover (Lyons et al., 2011; Phinn et al., 2008). However, to 
produce precise and continuous seagrass quantities, reflectance measurements from 
individual pixels must be considered separately, and the seagrass variable in question 
much be linked directly to a continuous spectral quantity. This higher order of 
measurement requires further knowledge of the interaction between seagrass and light. 
 
The relationship between submerged vegetation and remote sensing reflectance is 
mediated by overlying water depth, water quality, vegetation reflectance and absorption, 
background substratum reflectance, and vegetation canopy geometry (Zou et al., 2013; 
Beget and Di Bella, 2007; Zimmerman, 2003). Underlying substrata are often more 
reflective than vegetation, and can overwhelm the vegetation signal when vegetation is 
sparse, resulting in difficulty in mapping seagrass beds with low percent cover (Barille 
et al., 2010; Phinn et al., 2008; Mumby et al., 1997). Therefore, overall reflectance is 
strongly controlled by the portion of the seabed occluded by vegetation and by 
vegetation self-shading (Beget et al., 2013; Zimmerman, 2003). In fact, simple, quasi-
mechanistic radiative transfer modeling has shown that seagrass reflectance is much 
more sensitive to the geometry of the canopy than to natural variability in the inherent 
optical properties of the sediment and seagrass (Zimmerman, 2003). In the case of 
seagrass, canopy density and self-shading have both been successfully modelled for 
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radiative transfer using leaf length, or canopy height, and shoot density (Zimmerman, 
2003; Burd and Dunton, 2001; Short, 1980).  
 
Despite the success of some of these radiative transfer modelling efforts, analytical 
models relating submerged seagrass with remote sensing signals have been few (though, 
see Dierssen et al., 2010). Instead, most investigators have focused on developing 
empirical relationships between above-ground biomass and reflectance in one or a few 
bands of a satellite image, because of water column complexity and limited spectral 
information (Knudby and Nordlund, 2011; Barille et al., 2010; Phinn et al., 2008; 
Mumby et al., 1997; Armstrong, 1993). Individual seagrass species with a uniform 
morphology and in a homogenous meadow may have a strong linear relationship 
between apparent seagrass canopy architecture and above-ground biomass 
(Zimmerman, 2003), and thus between above-ground biomass and remote sensing 
indices. For example, Mumby et al. (1997) in a two-species seagrass bed and 
Armstrong (1993) and Barille et al. (2010) in mono-specific meadows found clear 
relationships between above-ground biomass and depth-invariant or vegetation indices.  
 
However, when building empirical models above-ground biomass may not correlate 
with remote sensing signals as well as a variable taking canopy height and shoot 
density directly into account. Knudby and Nordlund (2011) found significant errors in 
their empirical biomass-reflectance relationship due to species-specific relationships 
between biomass and remote sensing indices in a mixed-species meadow. They 
connected these differences to canopy architecture characteristics distinguishing one 
species from the rest. Differences in the relationship between canopy architecture and 
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biomass between species may also explain the species-specific discrepancies in 
estimated above-ground biomass mentioned by Phinn et al. (2008).  
 
Due to the inaccuracies encountered when estimating above-ground biomass for multi-
species seagrass meadows and in an attempt to develop a non-destructive method of 
remotely quantifying abundance, I tested a new index of seagrass density and compared 
it against above-ground biomass. This index combines percent areal shoot cover, SC, 
with median canopy height, CHmed, as below: 
medCHSCNCV          Eq. 4.1 
This index, which is referred to as the normalized canopy index (NCI), combines 
information regarding the abundance of seagrass individuals in a given area with their 
characteristic length. It can be measured quickly, objectively, and non-destructively in 
the field, and is hypothesized to correlate well with remote sensing measurements. This 
index is similar to leaf-area index (LAI), but does not require the destructive sampling 
or sampling error present in studies using LAI (Dierssen et al., 2010; Zimmerman, 
2003). 
 
4.1.2.  Introduction to depth-invariant index 
Remote quantification of seagrasses using multispectral data has focused on 
regressions between above-ground biomass as a dependent variable and various 
spectral indices (Knudby and Nordlund, 2011; Barille et al., 2010; Phinn et al., 2008; 
Mumby et al., 1997a; Armstrong, 1993). The spectral index most often used is the 
depth-invariant index (Lyzenga, 1981; 1978). This index uses a simplification in which, 
for a given wavelength or satellite spectral band (i), remote sensing reflectance (rrs), 
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immediately below the water surface is linearly related to reflectance of the bottom 
substratum (rb), and exponentially related to water depth (d), according to the following 
simple reflectance model: 
   dkrrrr iideepibideepirs  exp,,,, ,      Eq. 4.2 
where rdeep is the remote sensing reflectance immediately below the surface of an 
infinitely deep water column and k is the irradiance attenuation coefficient representing 
water quality. The variable rdeep is estimated by averaging the signal from pixels known 
to contain deep water.  It accounts for the part of the measured signal due to water 
column scattering. Here, remote sensing reflectance and deep water reflectance refer to 
the ratio of upwelling radiance to downwelling irradiance for a given view angle. By 
subtracting the deep water term and log-linearizing the relationship between radiance 
and depth, one obtains the function: 
    dkrrrrX iideepibideepirsi  ,,,, lnln .    Eq. 4.3 
The ratio of Xi/Xj for wavelength bands i and j can then be used to estimate the ratio of 
attenuation coefficients (ki/kj), which is then used to derive a depth-invariant spectral 
index. For a given substratum and attenuation coefficient ratio, the plot of Xi to Xj will 
have a slope invariant to depth. Any change in bottom reflectance will result in a 
translation of the linear function, while any change in the ratio of attenuation 
coefficients will change the slope of the linear function. Applied to a satellite image, 
the ratio of attenuation coefficients can be derived by examining the ratio Xi/Xj over an 
area with uniform substratum and water quality but of varying depth. Rough guidelines 
on the choice of area and derivation of the ratio of attenuation coefficients are provided 
by Lyzenga (1981). Upon deriving this ratio, a rotation of the coordinate axes can be 
used to transform the values of two bands into a depth-independent index, Yi,j. This 
index, which theoretically varies only with substratum reflectance, is defined as: 
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where K = ki/kj. This procedure does not require rb or k to be known or directly derived. 
 
While the bands chosen to calculate this index should not be strongly affected by water 
column attenuation, a large difference in attenuation coefficient between the two bands 
should be maintained for contrast with changing substratum reflectance (Lyzenga, 
1981). This depth-invariant index is based on the assumptions that water quality is 
constant over the study area and that a training area is available with constant 
substratum reflectance but varying depth. Any error in these assumptions, or choice of 
a training area with insufficient depth variance relative to variance in substratum 
reflectance, will lead to error in any model using the index.  
 
4.1.3.  Applications of band ratios 
In addition to the depth-invariant index, I also examined the possibility of using 
band ratios to empirically quantify seagrass biomass. Simple ratios of two spectral 
bands are easier to implement than depth-invariant indices and do not require 
assumptions about uniformity of water quality between deep and shallow water or 
uniformity of training area water quality across depths. Instead, water quality 
heterogeneity and depth variability within training data are both controlled for during 
the regression model-building process. However, increased variation in either variable 
increases residuals in the resulting model.  
 
When quantifying vegetation in terrestrial systems, remote sensing researchers often 
account for the high reflectivity of background surfaces with spectral indices, such as 
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the normalized difference vegetation index (NDVI), that take advantage of the high 
reflectance of vegetation at near-infrared (NIR) wavelengths and low reflectance at red 
wavelengths (Tucker and Sellers, 1986). This reflectance characteristic distinguishes 
vegetation with the pigment chlorophyll-a from background surfaces that have 
relatively flat reflectance spectra or reflectance with a constant slope across all 
wavelengths. NDVI is functionally equivalent to a simple band ratio (Crippen, 1990), 
and has been used with similar indices for a variety of purposes involving 
quantification of terrestrial vegetation and its characteristics (Garbulsky et al., 2011; 
Mu et al., 2007; Stow et al., 2004; Wylie et al., 2003). By timing satellite image 
acquisition with spring low tides, Barille et al. (2010) used this index to estimate 
seagrass above-ground biomass in France.  Zou et al. (2013) used NIR wavelengths to 
estimate percent cover of a pondweed canopy close to the surface of lake in China, 
while Beget et al. (2013) incorporated the discrimination ability of NIR wavelengths in 
their radiative transfer model of terrestrial vegetation that had become flooded. 
However, using such indices in deeper water is often difficult or impossible as light at 
NIR wavelengths is absorbed within tens of centimeters of transmission through water 
(Watanabe et al., 2013; Beget and Di Bella, 2007; Han and Rundquist, 2003). 
Nonetheless, the use of NDVI and all simple band ratios derivable from the 
Worldview-2 image were examined. 
 
4.2. Biomass methods 
4.2.1.  Sampling biomass 
Measures of seagrass density and abundance were collected in August 2013 
within an area that had been classified as seagrass. The specific study site was chosen 
by performing an unsupervised k-means classification of the meadow, and identifying 
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the region with the greatest variability in surface cover. K-means clustering in this 
context involves the iterative separation of pixels within the study area into classes by 
comparing the reflectance value in each pixel to the average reflectance value of each 
of k classes (Schowengerdt, 1997). The average value, or “center,” of each of the k 
classes is first assigned randomly. Then, every pixel is assigned to the class to which it 
is nearest, using Euclidean distance calculated between the pixel’s reflectance and the 
mean reflectance of each class. The class mean is then recalculated with all of the 
newly assigned pixels and this is performed iteratively until change in the class means 
is negligible. In my case I classified the seagrass meadow identified in the June 15, 
2013 image into 11 different classes. I then chose the biomass sampling area by 
identifying region of the meadow that contained the most number of classes out of the 
11 identified. This area was selected to ensure that the greatest variability in seagrass 
cover and potentially species diversity could be examined, assuming that the variability 
identified by the unsupervised classification was indicative of these traits. A total of 37 
0.25 m
2
 quadrats were placed along transects laid perpendicular to the primary axis of 
the seagrass bed and were geolocated using RTK GPS (Figure 2.1). In each quadrat, the 
horizontally-projected cover of seagrass was visually estimated, and percent cover, 
measured from the base of plants, was determined for individual seagrass species. 
Canopy height was recorded by measuring the longest 20% of all leaves within the 
quadrat. Replicate biomass samples were collected using 10 cm-diameter PVC corers 
to a sediment depth of 10 cm, placed at diagonal corners within the quadrats. Plants and 
macroalgae were cleaned and gently scraped to remove detritus, sediment and epibionts. 
Seagrasses were sorted into above- and below-ground components and further 
classified into three size categories: large (composed of E. acoroides), medium 
(composed of T. hemprichii, C. rotundata, C. serrulata, S. isoetifolium, and H. 
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uninervis) and small (composed of H. ovalis). Samples were oven dried at 60°C to 
constant dry mass (Granger and Iizumi, 2001) to obtain area-normalized above- and 
below-ground biomass for each size class in each quadrat. These methods for percent 
cover, canopy height, and biomass measurement were taken from Duarte and Kirkman 
(2001). The results from two quadrats were removed from further analysis as I found 
discrepancies between reported seagrass cover and above-ground biomass, which 
indicated that the sampled above-ground biomass was not representative of biomass in 
the quadrat and therefore could not be linked to reflectance of the entire quadrat 
accurately. 
 
4.2.2.  Collecting spectral measurements in the field 
In situ spectral reflectance was measured at all the 37 quadrats using a handheld 
spectroradiometer (HH2, Analytical Spectral Devices, USA) as detailed in Chapter 
3.3.1 and Eq. 3.3. All measurements were recorded using a nadir-viewing angle, an 
AOV of 25°, and with five replicate measurements. The average depth of water in each 
quadrat was subsequently measured to the nearest cm. Errant reflectance measurements 
from the standards were found during data post-processing, possibly due to the standard 
not fully filling the field of view of the sensor. These measurements were replaced with 
the most temporally proximal standard measurement from another quadrat. 
Measurements from an additional two quadrats had to be excluded from further 
analysis due to high turbidity during spectral measurements caused by resuspension of 
bottom substrata during rising tide. 
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4.2.3. Evaluating spectral models 
The spectral signatures of each quadrat were aggregated into Worldview-2 
bands using spectral response curves provided by DigitalGlobe (Updike and Comp, 
2010). Different spectral indices, as outlined in Chapters 4.1.2 and 4.1.3, were then 
compared against above-ground biomass and NCI. Coefficients for exponential and 
linear models were estimated using nonlinear least squares regression. As the total 
amount of training data available was low, I used leave-one-out cross-validation (Efron, 
1983) to estimate model error. This procedure is a form of k-folds cross-validation 
where k is set to N, the total number of observations. The coefficient estimation 
procedure was carried out with N-1 observation points. The constructed model was 
then used to predict the response variable value of the final observation. These two 
steps were then repeated iteratively until all of the available data had been used as the 
final test point once. The test points for each run are aggregated into one set and 
accuracy measures calculated from that set. Models were judged based on root mean 
squared error (RMSE) and the coefficient of determination, R
2
, between measured and 
modeled response variable values, both calculated as: 
 
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where yobs,i is the i-th response variable observation, ymodel,i is the corresponding model 
estimate, obsy  is the mean of all observations, and N is the total number of observations, 
also equal to the number of iterations in leave-one-out cross-validation. RMSE is a 
measure of the precision of the modeling method, while R
2
 is interpreted as a general 
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measure of fit, but is strictly defined as the proportion of total variance in the 
observations explained by the model.  
 
After spectral models were evaluated for the field radiometry data, the best model was 
retrained with and applied to reflectance values from the June 2013 WV2 image. Depth 
invariant indices for every two-band combination were also calculated as in Chapter 
4.1.2 using image data and modeled against above-ground biomass and NCI. The best-
performing depth-invariant index model was then applied to the entire image and 
compared with the best-performing band ratio. The spatial distributions of above-
ground biomass and NCI estimated this way were then compared. 
 
4.3.  Incorporating Project Semakau data 
To perform an analysis of the trend in abundance over time, I incorporated data 
from HSBC Project Semakau, an HSBC-sponsored seagrass monitoring campaign. I 
did not perform any of the fieldwork for this campaign, but have had a small part in 
analyzing the data. This research campaign monitored seagrass biomass every three to 
four months from March 2009 to June 2011. Three study sites were established along 
the main axis of Pulau Semakau’s seagrass bed and at each site three 30-meter-long 
transects were laid out parallel to the shoreline and ten meters apart. The ends of these 
transects were recorded with stakes and handheld GPS for the duration of the project to 
allow revisits of the precise locations. During each fieldwork session, one 50 by 50-cm 
quadrat was placed at the beginning, middle, and end of each transect. Within these 
quadrats seagrass shoot density and biomass samples were extracted and measured as 
outlined in Chapter 4.2.1. However, the biomass samples were not separated into 
above- and below-ground components. 
68 
 
 
As indicated in Chapter 4.1.1, most remote sensing efforts have focused on 
quantification of seagrass through estimation of above-ground biomass. Below-ground 
biomass is neglected because only the above-ground portion of seagrass plants directly 
interacts with the incident light field and thus affects remote sensing indices. 
Extrapolation from above-ground to below-ground biomass is also not often performed 
because the ratio of above- to below-ground biomass can be seasonally dependent in 
temperate latitudes (de Boer, 2000; Sfriso and Ghetti, 1998). Additionally, Duarte and 
Chiscano (1999) showed that the ratio of above- to below-ground biomass is species-
specific and that larger species, e.g. E. acoroides and H. uninervis, have smaller ratios. 
Thus, to convert the total biomass measurements taken during Project Semakau to a 
form more relevant for remote sensing studies and consistent with the model-building 
efforts in Chapter 4.2.3, I performed a multiple-regression transformation to estimate 
above-ground biomass from total biomass and the species-specific cover data available. 
Using the data collected in Chapter 4.2, I performed a multiple regression between the 
ratio of above-ground to total biomass in each quadrat and six variables representing 
the proportion of total seagrass cover attributed to each seagrass species. Collinearity 
between species was tested for using Pearson’s product moment correlation coefficient 
and two-tailed t-tests. No significant linear relationship between species was found, 
although E. acoroides and C. serrulata cover had nearly significant correlation (p = 
0.07, Pearson’s r = 0.32). H. ovalis was excluded from this analysis as it appeared in 
few of the quadrats and contributed negligible cover and biomass. The linear multiple 
regression model was significant (p = 0.016) with an R
2
 of 0.51 (adjusted R
2
 = 0.37). 
The coefficients generated by this model were then used to transform the total biomass 
values from Project Semakau to above-ground biomass. 
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The above-ground biomass values thus generated were used with a Worldview-2 image 
acquired on April 8, 2011 to model above-ground biomass. Project Semakau data 
collected in March 2011 was selected as the closest temporally to this date and used for 
further analysis. I performed the same analysis outlined in Chapter 4.2.3 to estimate 
above-ground biomass over the entire study area and compared these results with those 
for the June 2013 image. Only 24 of the 30 quadrats were used for training and leave-
one-out cross-validation, as the GPS coordinates provided for one entire transect were 
found to be invalid and the GPS coordinates for three quadrats were not identified as 
seagrass bed in the 2011 image classification. The GPS coordinates were taken without 
real-time corrections, resulting in precision on the order of 5-10 meters. This position 
error likely increased overall error in the ensuing above-ground biomass quantification. 
The validity of the results from this analysis depend on the assumptions that there is no 
change in the species-specific above- to below-ground biomass ratio between the dates 
the two images were acquired and that percent cover is a valid proxy for the 
proportional contribution of each species to total biomass. 
 
4.4. Characterization of the seagrass meadow at Pulau Semakau 
The seagrass meadow at Pulau Semakau was multi-specific, with the majority 
of the quadrats that were placed to train the bio-optical models containing four or more 
species of seagrass (Figure 4.1). Despite this high level of species mixing and the 
identification of all seven known species at this site, the meadow was dominated by the 
larger species, i.e. E. acoroides, S. isoetifolium, and H. uninervis (Figure 4.1). In 
contrast, only five quadrats contained H. ovalis, reflecting a much more patchy 
distribution of this taxon. This colocation of so many species falsifies any assumptions 
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of morphological homogeneity and precludes the use of analytical or species-specific 
bio-optical models commonly used in mono-specific beds, which depend strongly on a 
given leaf and canopy structure (Knudby and Nordlund, 2011; Stoughton, 2009; 
Zimmerman, 2006). From the depth measurements I made during the biomass sampling 
directly before each reflectance measurement, the median water depth (± standard 
deviation) was 0.10 ± 0.176 m, reflecting a skewed distribution of depths due to 
topographic variability on the reef flat and a slow but changing tide. High variance in 
water depth is not ideal when using band ratios, as deeper water columns are likely to 
impact ratio values more than shallow ones, but the variance in depths is likely to be 
too small relative to attenuation coefficients to cause major error. Seagrass stands, in 
terms of biomass and cover, were also highly variable with a median (± standard 
deviation) above-ground biomass of 66.2 ± 61.7 gm
-2
 and an NCI of 2.1 ± 5.3 cm. A 
significant correlation between above-ground biomass and NCI was found (Pearson’s r 
= 0.68, p < 0.001); and both seagrass measures corresponded well with the remote 
sensing indices described in Chapter 4.1. 
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Figure 4.1 Characterization of Pulau Semakau seagrass community. a) A histogram of 
species count per quadrat; and b) box plots describing seagrass cover across the training 
area. Boxes indicate median and 1st and 3rd quartiles. Whiskers indicate 5th and 95th 
percentiles. Outliers beyond 95
th
 percentiles are also indicated as empty circles. 
Seagrass species indicated as: Enhalus acoroides (EA), Thalassia hemprichii (TH), 
Cymodocea serrulata (CS), Cymodocea rotundata (CR), Syringodium isoetifolium (SI), 
Halodule uninervis (HU), Halophila ovalis (HO). 
 
 
 
4.5. Results from spectral model development 
4.5.1.  Choice of band ratios 
The absorption caused by extant water quality and depth in the study area, as 
shown in Figure 4.2, should prohibit the use of any of the bands beyond red in 
wavelength to view bottom substrata. Water molecule absorption increases 
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exponentially beyond red wavelengths and combined with particle backscatter 
disallows the use of those wavelengths in all but very shallow water. Indeed, when 
attempting to build models using NDVI or any band ratio involving near-infrared 
wavelengths, there was no significant correlation between spectral indices and above-
ground biomass or NCI. Instead, wavelength bands with a strong seagrass-background 
difference should be chosen to distinguish the amount of seagrass from background 
substrata in a pixel (Tucker and Sellers, 1986). However, all wavelengths used must 
reach the target and exhibit strong enough at-sensor returns to overcome noise. On a 
related note, bands that are further apart on the spectrum are generally better as they are 
less likely to be collinear, which possibly reduces the variance in a prospective band 
ratio enough for noise to confuse the signal. Taking these constraints into account, I 
compared the reflectance spectra of sediment and a locally common seagrass species, T. 
hemprichii, in the lab (Figure 4.3). Using Worldview-2 bands, the band ratios with the 
greatest contrast between seagrass and sediment appeared to be Red-to-Coastal Blue 
(RCB) or Yellow-to-Coastal Blue (YCB). The utility of all possible band pairs as band 
ratios were tested and these two band ratios were the best performing.  
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Figure 4.2 Typical water constituent absorption and backscattering for the study area. 
The colored vertical lines represent the wavelengths of maximum spectral response of 
Worldview-2 bands. From left to right they represent the Coastal Blue, Blue, Green, 
Yellow, Red, NIR-1, and NIR-2 bands. Values of water absorption and backscattering 
were taken from Smith and Baker (1981) and Pope and Fry (1991), respectively. 
Values for other constituents as modelled in Bramante and Sin (under review). 
 
 
 
 
Figure 4.3 Remote sensing reflectance of Thalassia hemprichii and underlying 
substratum measured ex situ. The ratio of the two spectra has been normalized by the 
maximum value of the ratio to fit within the figure. 
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4.5.2.  Development of field radiometry models 
Using the RCB and YCB band ratios, exponential models fit the relationship 
between field remote sensing index and above-ground biomass and NCI better than 
linear models (Figure 4.4). As shown in Table 4.1, the model relating the RCB index to 
NCI out-performed the other models. Biomass did not correlate as strongly with the 
band ratios as NCI. For example, NCI regressed against RCB and YCB had R2 values 
of 0.86 and 0.76, respectively, while biomass regressed against these indices had R2 
values of 0.55 and 0.48, respectively. This analysis indicated that normalized canopy 
index may be a more precise response variable for such remote sensing efforts than 
above-ground biomass.  
 
 
 
Figure 4.4 Model training results using field radiometer. Dashed lines indicate the 95% 
confidence intervals of the regression equations. 
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The leave-one-out cross-validation analysis (Table 4.1) showed that the models were 
not over-fitted and were insensitive to individual data points, with one exception. This 
exception appears in the biomass models, where one large outlier existed in the cross-
validation data as visibly evident in the biomass plots in Figure 4.4. This outlier had 
moderately inconsistent biomass and percent cover, and a re-examination of the cross-
validation analysis without the outlier showed that its removal improved the cross-
validation results of the original above-ground biomass models from an RMSE of 44.2 
to 39.7 gm-2 and an R2 of 0.47 to 0.57 (Table 4.1).  
 
Table 4.1 Field radiometer-based model training results and cross-validation 
 
 
 
In the interest of thoroughness, the cause of the outlier value was examined. There was 
an overwhelming presence of S. isoetifolium within that data point. Canopy structures 
and leaf morphology can highly influence spectral reflectance. As plants of the genus 
Syringodium have cylindrical rather than flat leaves, the spectral signatures of this 
genus could deviate significantly from those of flat-leaved genera more common in the 
study site (Stoughton, 2009). A one-way analysis of variance (ANOVA) was performed 
between the absolute values of residuals for both NCI and above-ground biomass RCB-
ratio models against S. isoetifolium cover. S. isoetifolium cover was normalized by total 
seagrass cover for each quadrat to control for any relationship between species and the 
a1 a2
RCB - Biomass 8280 -4.03 40.8 0.55 44.2 0.47 39.7 0.57
YCB - Biomass 17300 -3.85 44.0 0.48 52.0 0.27 47.0 0.39
RCB - NCV 90000 -8.95 2.0 0.86 2.35 0.80
YCB - NCV 602000 -8.68 2.6 0.76 3.10 0.65
Validation* 
R
2
Modified 
R
2
Model Formula
‡
Model
Training 
RMSE
†
Training 
R
2
Validation* 
RMSE
†
Modified 
RMSE
†
†
RMSE is reported in units of gm
-2
 for biomass and cm for normalized canopy volume
‡
a 1  and a 2  are coefficients for the models, of form: (a 1  * exp( a 2  * x ))
*Validation performed using Leave-one-out cross-validation
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analysis was restricted to quadrats where S. isoetifolium was present. No relationship 
between NCI or above-ground biomass model error and S. isoetifolium cover was 
found. The same analysis for each of the other seagrass species showed no significant 
relationships. I conclude that for this empirical model, the relative abundance of S. 
isoetifolium or any of the other species in a sample is not a significant source of error. 
Unfortunately, the precise cause of this outlier is unknown, but it could have been 
caused by measurement error or be an artifact of small sampling size due to the corer 
used. Before committing to NCI in the field or determining the utility of band ratios, 
their use with typical atmospheric conditions and higher water levels using satellite 
imagery was validated. 
 
4.5.3.  Application of models to satellite data 
After performing the field radiometry analysis, I applied the models constructed 
with the RCB band ratio to the June 2013 Worldview-2 image for validation. The 
results were compared with a model constructed using a depth-invariant index for the 
same image. Every two-band combination of visible wavelength Worldview-2 bands 
was transformed into a depth-invariant index and regressed against above-ground 
biomass and NCI. The index developed from the Green and Yellow bands 
outperformed all other depth-invariant indices. The validation results from the RCB 
band ratio models and the Green-Yellow depth-invariant index models applied to the 
image are displayed in Figure 4.5; and statistical descriptors included in Table 4.2. 
Only pixels identified as seagrass during image classification were included in this 
analysis. The depth-invariant index outperformed the RCB ratio in estimating NCI with 
RMSE of 2.9 cm and 3.9 cm, respectively. However, both indices produced estimates 
of above-ground biomass with the same precision, which is reflected in an RMSE of 
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44.7 gm
-2
. The model comparing the depth-invariant index to biomass was the only 
model in this study with a better linear fit than the exponential model. For the RCB 
ratio index, these results were worse than those obtained with field spectroradiometer 
data, possibly reflecting an insufficient atmospheric correction. 
 
 
Figure 4.5 Model training results using June 15, 2013 Worldview-2 satellite image 
data. Dashed lines indicate the 95% confidence intervals of the regression equations. 
 
Table 4.2 Satellite-based model training results 
 
a1 a2
RCB - Biomass
‡ 4.82E+09 -30.67 44.7 0.39
Depth-invariant 
index - Biomass*
-81.1 605.90 44.7 0.39
RCB - NCV
‡ 1.90E+19 -8.95 3.9 0.49
Depth-invariant 
index - NCV
‡
0.104 9.14 2.9 0.71
‡
a 1  and a 2  are coefficients for the models, of form: (a 1  * exp( a 2  * x ))
†
RMSE is reported in units of gm
-2
 for biomass and cm for normalized canopy volume
*a 1 and a 2  are coefficients for this model, of form: (a 1  +  a 2  * x )
Model
Model Formula Training 
RMSE
†
Training 
R
2
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All four of the models were applied to the portions of the satellite image classified as 
seagrass (Figure 4.6). All produced very similar outputs over the June 2013 satellite 
image with a few exceptions. Along the western edge of the mudflat and at the 
southernmost region of the satellite image, the RCB ratio appears to overestimate NCI 
and biomass relative to the depth-invariant index. These regions correspond to the reef 
crest and steep reclaimed land, respectively. They are deeper and have steeper slope 
than the rest of the reef platform. Thus, the high seagrass signal produced by the RCB 
ratio in these regions is likely the result of greater depth relative to the training data. 
This clear depth-dependence is the major weakness of simple band ratios in aquatic 
remote sensing (Bramante et al., 2013). The steeply sloped reclaimed land at the 
southernmost boundary of the seagrass bed was removed from analysis for both the 
June 2013 and April 2011 images to avoid skewing statistics. 
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Figure 4.6 NCI and biomass estimated across the study area. Image products were 
derived from the models displayed in Figure 4.5 and bed extent identified in the June 
15, 2013 WV2 image. 
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The color maps of the displayed images were restricted in range to display variation 
throughout the majority of the seagrass meadow more clearly. The areas in the RCB 
ratio-derived images that exceed these maximum values, besides the deep areas 
mentioned above, correspond to dense E. acoroides beds. E. acoroides is characterized 
by very long and wide leaf blades relative to the other species found in the study area. 
This leads to a thicker canopy at high percent cover and correspondingly stronger 
spectral response. However, in the depth-invariant index-derived images, regions that 
exceeded the maximum values have a much greater extent. Additionally, these 
extended regions encompass areas with low horizontally-projected seagrass cover (as 
determined in Chapter 3.2.2). Figure 4.7 shows the satellite image with reflectance 
transformed to the depth-invariant index, pre-modelling. Upon inspection of this image, 
these regions display patterns closely resembling localized turbidity plumes over 
nearby deeper waters. As the image was taken during a period of rapidly flooding tide, 
resuspension of fine bottom sediments may be present over these areas further 
sustained by the hydrologic features, such as the tidally-driven channel into the 
mangrove forest at the southwestern end of the island.  
 
Areas in the images with seemingly extreme high values of seagrass abundance reveal 
weaknesses in the use of the depth-invariant index. Application of the depth-invariant 
index is predicated on the assumption that water quality is uniform both between deep 
and shallow water and within shallow water areas. Violation of this assumption leads to 
error (Lyzenga, 1981). The water quality heterogeneity in Figure 4.7 appears to 
contradict both parts of this assumption. This deviation from model assumptions is 
exacerbated by the deep water correction and coordinate transformation in Eq. 4.3 and 
Eq. 4.4, which would repeatedly compound any error in the ratio of attenuation 
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coefficients resulting from heterogeneous water quality. This is why similar magnitude 
error is not apparent in the ratio model products, despite the fact that they also 
implicitly assume water quality throughout the study area is homogenous relative to the 
training data. This breakdown in assumptions affects a large portion of the study area 
and obscures areas of interest with high complexity. Therefore, if such water quality 
disturbances are expected over a relatively flat study area, band ratios may be a better 
option for quantifying seagrass, even if precision is expected to be lower than that of 
the depth-invariant index model.  
 
Figure 4.7 Green-Yellow depth-invariant index calculated from June 15, 2013 WV2 
image. The depth-invariant index has no units. 
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Results from the same model training procedure applied to the April 2011 image are 
presented in Figure 4.8 and summarized in Table 4.2. The best performing depth-
invariant index was constructed using the Red and Yellow bands of the Worldview-2 
image. However, even within the limited training set, the RCB ratio outperformed the 
depth-invariant index in estimating above-ground biomass. The exponential model 
linking the RCB ratio to biomass had a greater RMSE at 54 gm
-2
, but also a higher R
2
 
at 0.55. This discrepancy likely reflects larger residual outliers in the April 2011 image 
analysis, but better overall fit than for the June 2013 image. The RCB ratio 
outperformed the depth-invariant index even using just training data, probably because 
the training data was spread out over a much larger area in 2011 than in 2013.This 
larger geographical error may have encompassed non-negligible variability in water 
quality, which would have introduced more error into the depth-invariant index than to 
the RCB ratio.  
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Figure 4.8 Model training results using April 08, 2011 Worldview-2 satellite image 
data. Dashed lines indicate the 95% confidence intervals of the regression equations.  
 
The model constructed using the RCB ratio was applied to the entire April 2011 image 
classified as seagrass and the results compared to those of the June 2013 image in 
Figure 4.9. The two image products display very similar spatial patterns, although there 
existed a dense patch of seagrass two-thirds of the way up the western coastline in 2011 
that seemed to disappear by 2013. In 2011, the median biomass across the seagrass 
meadow was 79.5 gm
-2
 with a standard deviation of 165.9 gm
-2
. However, by 2013, 
although the overall extent of the meadow had decreased, the median biomass had 
increased to 130.4 gm
-2
 with a lower standard deviation of 128.7 gm
-2
.The large 
variance relative to median values in both images implies very high variability of 
biomass within the meadow, which is to be expected in such a complex, multi-specific 
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community. The distributions of biomass in both images roughly follow a Poisson 
distribution with a long tail at higher biomass. To interpret the differences in biomass 
distribution between the two dates, it’s necessary to restrict the analysis to the area 
classified as seagrass in both images. 
 
 
Figure 4.9 Comparison of biomass produced for the April 2011 and June 2013 images 
using the RCB band ratio. 
 
I examined separately the area that was classified as seagrass in both images, but the 
statistical comparison was very similar. Within this area, the correlation coefficient 
between the two products was 0.62. However, the median biomass in this area in 2011 
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was 82.0 gm
-2
 while the median in 2013 was 50% higher at 125.8 gm
-2
. Thus, the 
difference in median biomass between the two dates is unlikely to be caused by loss of 
lower-biomass seagrass areas from 2011 to 2013, but instead reflects consistently 
different biomass. Again, the standard deviation of biomass was nearly 50% higher in 
2011 than in 2013, reflecting higher variability with values of 164.5 gm
-2
 and 113.9 gm
-
2
, respectively. Qualitatively, some of this variability may be due to a lower signal-to-
noise ratio in the April 2011 image, as this image appears to have far more speckle 
noise than the June 2013 image. Some portion of this variability is probably also due to 
the higher uncertainty in the model estimates for the 2011 image. While the 2011 image 
does appear to have greater maximum biomass in the denser seagrass patches than the 
2013 image, the variability discrepancy changes little when only considering the 
seagrass area common to both dates, despite the complete loss of a dense patch from 
2011 to 2013. These observations indicate that there were fundamental changes in 
seagrass meadow composition between 2011 and 2013.  
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5. Synthesis and Conclusions 
5.1. Trends in seagrass bed extent 
According to the classification procedure presented here, seagrass bed extent at 
Pulau Semakau has declined by about 50% during the past decade. Uncertainty from 
the classification analysis indicates true decline may have ranged from 36% to 67%. It 
is clear from the measurements of seagrass bed extent that seagrass extent peaked at 
over 44 hectares in 2002 and declined to nearly 25 hectares by 2013 (Figure 3.3). 
Although one ETM+ classification product in 2006 appears to imply an increase in 
seagrass extent between 2004 and 2006, this classification product, as well as one 
produced for the ETM+ image acquired on October 11, 2002, contains a large number 
of deep water pixels that are misclassified as seagrass. This error is visible in the 
classified progression of seagrass extent displayed in Figure 3.2. This misclassification 
is likely a result of the lower dynamic range of ETM+ images. Briefly, ETM+ images 
record all measurements with an 8-bit data structure, which only allows for 255 values 
to encompass all levels of intensity in an image. For images with a wide range of 
intensity values, such as an image with large areas of both high-intensity cloud pixels 
and low-intensity deep-ocean pixels, each value represents a wider range of top-of-
atmosphere radiance, reducing precision in all pixels. This reduction of precision 
allows for greater misclassification in 8-bit images than in images with larger dynamic 
ranges. Thus, these two images likely overestimate total seagrass extent. One way to 
control for this type of error not attempted here is to use object-based classification, as 
previously applied to seagrass successfully by Lyons et al. (2012). Maximum seagrass 
extent over the study period exceeded 44 hectares, but probably peaked below 50 
hectares. Further, the decline in seagrass likely started before 2006.  
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5.2. Trends in seagrass biomass 
Despite a decrease in overall seagrass bed extent from 2011 to 2013, seagrass 
biomass showed little change. Using the Red-Coastal Blue band ratio, and after 
removing the error-prone deep water area to the south, total above-ground biomass in 
the study area was an estimated 39.6 ± 10 Mg (±1SD) in June 2013, with an estimated 
canopy volume of 91700 ± 9800 m
3
 (±1SD), which is equal to the product of total NCI 
and seagrass bed extent from Section 4.3. In April 2011, the same procedure produced 
a total above-ground biomass estimate of 41.6 ± 16.2 Mg (±1SD). Thus, between April 
2011 and June 2013 the seagrass meadow at Pulau Semakau lost an estimated 5% of its 
above-ground biomass. However, over this same time period seagrass bed extent 
dropped from 312,000 m
2
 to 258,000 m
2
, a 17.8% decrease.  
 
5.3. Synthesizing seagrass biomass and bed extent 
The far larger decrease in seagrass bed extent relative to biomass, coupled with 
significantly lower median biomass in 2011 than in 2013, could be the result of several 
factors. First, there is a possibility that the remote sensing model constructed for the 
April 2011 image is biased towards lower biomass values relative to that constructed 
for the June 2013 image. However, the opposite appears to be true (Figures 4.5 and 4.8). 
The training data from 2011 has a maximum biomass of 280 gm
-2
, which is simulated 
reasonably by the exponential model. In comparison, the training data from 2013 had a 
maximum biomass of 230 gm
-2
, which is underestimated by the exponential model. 
Thus, this first possibility can probably be eliminated as a cause. Second, this 
discrepancy could be due to biased training data resulting from the empirical 
transformation used to derive above-ground biomass from total biomass (Chapter 4.3). 
However, that empirical transformation only effectively estimated the ratio of above-
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ground to total biomass for each seagrass species and should therefore be unbiased 
regarding absolute values of biomass – unless the underlying assumption of constancy 
of these ratios is violated. If in 2011 seagrass species actually had higher above-ground 
to total biomass ratios relative to 2013, this transformation would consistently 
underestimate above-ground biomass in 2011. Third, the discrepancy could be accurate 
and reflect geographically variable or species-specific responses to environmental 
stresses.  
 
The relatively smaller decline in biomass compared with seagrass bed extent between 
2011 and 2013 could reflect seagrass community responses to high sedimentation rates. 
As noted in Chapter 3.4.3, the seagrass bed on Pulau Semakau decreased in area 
through a narrowing of the bed along its long, north-south axis. By comparing Figure 
3.2 with Figure 4.9, it is clear that much of the seagrass bed lost between 2011 and 
2013 contained low seagrass biomass. This loss of primarily low-density bed area alone 
probably accounts for some of the discrepancy between decreases in bed extent and 
biomass. However, when examining the seagrass bed common to both dates, median 
biomass was greater in 2013 than in 2011, as reported in Chapter 4.5.3. This 
discrepancy, coupled with the loss of seagrass along the edges of the bed, could be the 
result of species-specific responses to increased turbidity and sedimentation. Previous 
studies of tropical multi-species seagrass beds have found that long-leaved species and 
species that can rapidly elongate vertical stems, often survive better under these 
conditions than species without these characteristics (Terrados et al., 1998; Vermaat, 
1997). For example, the long leaves of E. acoroides and Cymodocea serrulata and the 
rapid vertical extension of C. serrulata and S. isoetifolium allow these species to 
survive high sedimentation better than H. ovalis and T. hemprichii (Gangal et al., 2012; 
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Vermaat, 1997). Conversely, H. ovalis and S. isoetifolium often recolonize disturbed 
areas quickly due to rapid horizontal rhizome extension, and consequently dominate the 
edges of seagrass beds (Rasheed, 2004; Vermaat, 1997). Under this paradigm, if 
sedimentation was the primary cause for the loss of seagrass bed, E. acoroides, C. 
serrulata, and S. isoetifolium would be expected to survive preferentially relative to T. 
hemprichii, C. rotundata, and H. ovalis. As the former species generally has greater 
biomass density than the latter, except for T. hemprichii (Duarte and Chiscano, 1999), 
this preferential survival would lead to greater biomass within the surviving seagrass 
bed. Additionally, after any sedimentation disturbance that destroyed or buried the 
seagrass bed edges, S. isoetifolium and H. ovalis would be expected to recolonize the 
edges quickly, possibly increasing biomass relative to the species that occupied those 
areas before.  
 
Ancillary data supports the possibility that sedimentation events caused preferential 
growth of high-biomass seagrass species relative to low-biomass species at Pulau 
Semakau. Between September 2011 and December 2013, sediment traps emplaced on 
the reef slope of Pulau Hantu, near the current study site, recorded two acute 
sedimentation events. The first event, from November 2011 to January 2012, involved 
sedimentation rates above 14 mg cm
-2
 day
-1
, while the second event, from June to July 
2013, exceeded 10 mg cm
-2
 day
-1
 (Lee, pers. comm.). For comparison, the median 
sedimentation rate from September 2011 to December 2013 was 5.2 mg cm
-2
 day
-1
 (Lee, 
pers. comm.). Although these sedimentation events are small relative to the 
sedimentation rates necessary to cause community response elsewhere in the Indo-
Pacific (Gangal et al., 2012), the high turbidity levels in Singapore’s southern waters 
makes seagrasses more vulnerable to acute sedimentation events (Yaakub et al., 2014b).  
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Seagrass have several adaptations that allow them to survive high turbidity levels, as 
long as they don’t exceed species-specific viability thresholds. For example, the long 
leaves of E. acoroides allow this species to survive high turbidity by keeping the leaves 
closer to the surface and exposing them to more sunlight (Vermaat, 1997). Seagrass can 
use carbohydrate reserves stored in their rhizomes to supplement depressed 
photosynthesis rates during punctuated turbidity events (Yaakub et al., 2014b). 
However, during prolonged turbidity, seagrass often exhibit improved photosynthetic 
efficiency through increases in photosynthetic pigments in their leaves and increases in 
leaf area per unit biomass, which can increase fragility of the leaves (Lee et al., 2007). 
If high turbidity levels remain, seagrass start to exhibit reduction in the size and growth 
rate of leaves, and if prolonged even further, in below-ground biomass and 
rhizome/root growth rates (Lee et al., 2007). These later responses reduce canopy self-
shading and reduce the plants’ demand for carbon, allowing them to survive without 
expending carbohydrate reserves. However, these adaptations to prolonged turbidity 
reduce the ability of seagrass to respond adaptively to punctuated disturbances. If 
seagrass have expended their carbohydrate reserves supplementing photosynthesis, they 
may not have the energy to extend their leaf stems vertically or rhizomes horizontally 
to avoid burial or recolonize after a disturbance, respectively (Yaakub et al., 2014; 
Vermaat, 1997). Reduction of their metabolic requirements to adapt long term to high 
turbidity has much the same effect, as slower leaf and rhizome growth may prohibit 
recolonization and keep up growth in response to sedimentation.  
 
Upon examination of the satellite image estimates of seagrass bed extent over this time 
period, it is clear that there was a large drop in bed extent near the end of 2011, 
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quantified as a 12.4% decrease between the April 8, 2011 and July 24, 2012 WV2 
images. However, this decline slowed to 3.7%yr
-1
 in 2012, as reported earlier. These 
trends appear consistent with the short but acute sedimentation event over the same 
time period. Additionally, the ALI images appear to show a steep decrease and rebound 
in seagrass bed extent from April to October 2013, which could be the result of the 
smaller sedimentation event during the same time period. Quarterly monitoring by the 
local non-governmental organization Team Seagrass using Seagrass-Watch methods 
revealed an increase in E. acoroides and C. serrulata relative to other species in early-
mid 2012 in Pulau Semakau. Their data also indicates an increase in the rapid colonizer 
species, S. isoetifolium and H. ovalis, in early 2013 (McKenzie and Yoshida, 2013). 
Coupled with the dominance of E. acoroides, S. isoetifolium, and H. uninervis during 
my own sampling in August 2013, these results are consistent with a preferential 
increase in high-biomass species during and following sedimentation events. However, 
this interpretation of sedimentation events should be tempered with caution. Sediment 
traps, like those emplaced at Pulau Hantu, can overestimate sediment accumulation 
rates and mean particle size by affecting local micro-hydrodynamics (Lee, pers. comm.), 
although seagrass might be expected to have similar effects on hydrodynamics. 
 
5.4. Utility of Normalized Canopy Index 
The models used here to estimate above-ground biomass performed on par with 
previously published results, but the superior performance of NCI suggests it is a viable 
alternative seagrass biomass measurement for remote sensing studies. Model 
performance for above-ground biomass estimation appears similar to those reported by 
Knudby and Nordlund (2011) (R
2
=0.47, RMSE=52.5 gm
-2
) and Phinn et al. (2008) 
(R
2
=0.35 for Quickbird) for similar multi-species environments. Models for NCI 
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outperform above-ground biomass in terms of goodness-of-fit. Also these models are 
on par with the reported biomass estimation models of Mumby et al. (1997) (R
2
=0.74 
to 0.8) for more homogenous seagrass beds. Thus, NCI provides a strong alternative 
measure of seagrass biomass for remote monitoring. Additionally, the field exercise has 
provided empirical upper bounds of accuracy for remote quantification of normalized 
canopy index and above-ground biomass when using image band ratios and in the 
absence of atmospheric effects. 
 
The field exercise in Chapter 4.5.2 demonstrates that in an ideal remote sensing 
situation, normalized canopy index has better correspondence with measured 
reflectance indices than above-ground biomass, but it does not clarify the relationship 
between NCI and above-ground biomass. Unfortunately, this study was unable to 
determine to what degree the better correspondence is due to a more direct relationship 
with reflectance. The NCI was measured over a larger sampling unit, 0.25 m
2
, than 
above-ground biomass, which was sampled in two cored samples with a combined area 
of 0.016 m
2
. While this biomass sampling procedure is common in the literature 
(Knudby and Nordlund, 2011; van Katwijk et al., 2011; Phinn et al., 2008), the 
difference in sampling regime produces NCI measurements that are less susceptible to 
variance in seagrass cover over scales of less than 0.5 meters than above-ground 
biomass. Additionally, the scale of NCI measurement is closer to that of the field 
reflectance measurements, which were taken over an area of 0.15 to 0.2 m
2
. 
Disentangling the effect of scale from fundamental reflectance characteristics of the 
seagrass canopy would involve collecting all measurements over the same scale. This 
would involve substantial destructive sampling, which is counter to the aims of this 
study. Therefore, NCI is a useful replacement for above-ground biomass for spatio-
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temporal monitoring of seagrass as it has a similar relationship but better correlation 
with remote sensing indices and has the added advantage of being non-destructive, 
hence offering a sustainable option of documenting changes in seagrass standing crop. 
 
The NCI index may also be useful for other analyses such as the modelling of 
photosynthetic efficiency, nutrient uptake, and hydrodynamics. For example, Burd and 
Dunton (2001) used a regression model to connect biomass with production saturation 
due to plant density to determine/understand the limit at which standing crop increases 
productivity before the impact of self-shading becomes evident. That model determines 
an empirical relationship between above-ground biomass and canopy density that 
would probably be modeled more accurately with a direct measure of canopy density 
like NCI. Also, in semi-analytical models of light dynamics in seagrass canopies and 
resultant photosynthesis, only two parameters are required to compute the absolute 
vertical distribution of biomass within a seagrass canopy: i.e. shoot density and canopy 
height (Zimmerman, 2006; Zimmerman, 2003). NCI is simply the product of canopy 
height and areal shoot density. Thus, for a given spatial scale there is likely a non-linear 
relationship between NCI and leaf area, equivalent to that for canopy height to leaf area 
(Zimmerman, 2003), allowing for more precise modeling of seagrass photosynthesis 
and productivity over large areas. In studies of the effect of seagrass and macroalgae on 
hydrodynamic characteristics, normalized canopy index could play an integral role, as 
multiplying NCI with a measurement of area produces an estimate of canopy volume. 
Knowledge of canopy volume, generally expressed through shoot density and canopy 
height, is required before making calculations of volumetric flow rate through the 
canopy. It has also been used to examine rates of nutrient uptake and sediment 
accretion (Kregting et al. 2011; Peralta et al., 2008). NCI multiplied by the area over 
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which it is measured or modeled produces an estimate of total canopy volume directly 
useful in such studies. 
 
5.5. Implications of method development 
The high turbidity in Singapore’s waters restricts the utility of lower 
wavelengths of light in addition to near-IR wavelengths. Although satellite image 
bands covering blue and shorter wavelengths of light are often assumed and marketed 
to be especially useful for coastal applications (Updike and Comp, 2010; Mumby et al., 
1997), the high level of suspended sediments and dissolved organic matter in Singapore 
reduce their utility relative to green and red wavelengths. As demonstrated in Figure 
4.2, suspended sediment and CDOM absorb blue wavelengths of light effectively, with 
an exponential drop-off in absorption towards longer wavelengths. Coupled with the 
absorption of longer wavelength light by water molecules, high concentrations of these 
water constituents limit the useful spectrum of light for coastal applications to green, 
yellow, and shorter red wavelengths. In this study, the coastal blue band was only 
useful in conjunction with the red or yellow band to contrast background substratum 
and water column reflectance with seagrass reflectance. The depth invariant indices 
with the highest performance in estimating seagrass biomass were constructed using the 
red, yellow, and green satellite bands. This result counters the theory-based assumption 
that bands further apart on the light spectrum are more effective when forming this 
index (Lyzenga, 1981). Remote sensing studies conducted in Singapore and regions 
with similar water quality issues should be wary of employing lower wavelength bands. 
 
The complexity of tropical seagrass communities makes remote monitoring more 
difficult than for temperate seagrass beds. Due to the characteristic size and density of 
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temperate seagrasses, previous studies in the British West Indies, and the Bahamas 
modeled a maximum seagrass biomass of 17 gm
-2
 (Mumby et al., 1997; Armstrong, 
1993). These studies describe linear relationships between remote sensing indices and 
biomass. In contrast, this study examined seagrasses with above-ground biomass 
exceeding 200 gm
-2
, and found mainly exponential relationships between remote 
sensing indices and biomass. The depth-invariant indices had linear relationships with 
biomass, but with equal or less precision compared to the exponential relationships 
found with band ratios. Additionally, there were clear exponential relationships 
between NCI and the depth invariant indices. These exponential relationships may 
reflect the greater range of seagrass biomass examined in this study, as linear models 
can approximate exponential relationships fairly well over small ranges of the response 
variable. When examining seagrass with a maximum biomass of 55 gm
-2
, Phinn et al. 
(2008) found that a log-relationship between remote sensing index and biomass fit 
better than linear. Although Knudby and Nordlund (2011) used a linear model to 
estimate a large range of biomass values from the depth invariant index, examination of 
their data (Fig. 6, Knudby and Nordlund, 2011) reveals that this model didn’t estimate 
biomass of C. serrulata, S. isoetifolium, or Thalassodendron ciliatum particularly well. 
In contrast, this study did not find significant error attributable to inter-species 
differences. Future studies should be aware that model relationships developed for 
temperate, mono-specific seagrass beds may be inadequate for remote sensing of 
tropical seagrasses. 
 
Despite their coarse resolution relative to Worldview-2, the ETM+, OLI, and ALI 
sensors produce images with utility in Singapore. The evaluation and comparison 
conducted in Chapter 3 revealed that the OLI and ETM+ sensors produce unbiased 
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estimates of total seagrass bed extent relative to WV2, even though the 15-m resolution 
of these sensors limited their ability to detect narrow seagrass beds. Although the ALI 
images underestimated total bed extent relative to WV2, they detected narrower 
portions of the seagrass meadow and smaller patches than ETM+ and OLI and 
produced classifications with accuracy comparable to higher resolution images used in 
Australia (Lyons et al., 2011). Additionally, the short return time of the sensor allows 
for the detection of rapid changes in bed extent in response to environmental pressures, 
as occurred in this study. Satellite images from these coarse resolution sensors can be 
obtained free of charge from the USGS. Thus, future monitoring efforts in Singapore 
should not be deterred or limited by the availability of funds for expensive, high 
resolution images.  
 
The novel methods used to determine the extent of Sargassum may prove valuable in 
the future. Although evaluation of the change detection was stymied by a lack of 
validation data, the approach presented in this study for measuring the full extent of the 
annual Sargassum bloom worked very well qualitatively. Algae blooms have been 
previously identified as sources of error in seagrass monitoring, but are often left 
unquantified due to difficulty in separating seagrass and algae spectrally (Roelfsema et 
al., 2013). The use of a difference image constructed between two dates, as performed 
in this study, can overcome this obstacle. The ALI images used formed a map of 
Sargassum extent roughly equivalent or even superior to that produced by the WV2 
images. With the frequent acquisition of ALI images, multiple, independent difference 
image pairs can be used to gain a better estimate of the maximum extent of the algal 
bloom and even its evolution. Coupled with field validation data, this method could be 
applied to determine algae productivity or carbon storage. Even without validation, it 
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proves useful in correcting seagrass abundance estimates, as in Figure 3.8, although 
caution should be taken before applying estimates of bloom extent from one year to 
another. This method deserves further study to refine its accuracy and utility. 
 
5.6. Sources of error 
Although I attempted to account for error explicitly throughout as much of the 
methods as possible, uncertainty remains mainly as a side effect of assumptions made. 
For example, although I validate the three classification products derived from several 
images acquired in 2013, validation data was non-existent for the other satellite images. 
Instead, I assume that error is relatively constant between images and should not bias 
the overall trends under analysis. On a related note, although I was able to account for 
image noise through use of NNEΔ, the lack of GCP-based error analysis made it 
impossible to account for a related source of error – tidal height at the time of image 
acquisition. Although I mentioned in Chapter 3.4.4 that large tidal heights could 
increase misclassification, I was unable to explore this concept further. High tidal 
heights can be expected to interfere with image interpretation and model-building in 
aquatic habitats because water and water constituents attenuate light exponentially with 
depth (Bramante et al., 2013), decreasing the amount of signal in shallow waters 
attributable to bottom reflectance. This effect is not detected by NNEΔ, because NNEΔ 
is calculated over homogenous deep water and is invariant to tidal height. A higher 
tidal height may have caused the classification of the ALI image acquired on July 6, 
2013 to perform more poorly than that of the ALI image acquired on July 1, 2013, but 
without a larger sample of validated images it is impossible to explicitly account for 
this source of error.  
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Beyond what has already been discussed, there are additional sources of error when 
considering the classification and biomass or NCI products. For example, there is error 
that arises from location error in validation data (Schowengerdt, 1997). While I used 
dGPS with high precision when collecting validation data, the precision of the satellite 
image rectification, especially for the ALI images, is very high relative to the dGPS 
precision.  Thus, there could be significant mismatch between the validation data 
location and the true location of the pixel within which it appears to lie.  This is likely 
to increase the error estimated from the validation data (Schowengerdt, 1997). 
Additionally, there is field sampling error. It is possible that the validation data located 
at GCPs were not always representative of the area from which they were sampled. 
When located in a satellite image, this may cause the pixel containing them to be 
classified differently than the GCP would indicate. As mentioned previously, this is 
especially true of the biomass sampling measurements, which were made at a smaller 
scale than the quadrat-based shoot cover measurements and much smaller than satellite 
image pixels, and thus were more likely to be unrepresentative of the area from which 
they were sampled, even with the use of replicates. This likely led to imprecision in the 
biomass estimates using the satellite data. This error was also compounded by 
insufficient atmospheric correction of the satellite images. I was unable to account for 
path radiance, which is always a difficult proposition in coastal remote sensing (Lee et 
al., 2005), and without measurements of sky radiance during satellite flyover, I was 
unable to account for surface reflectance of the water, which can also be a major source 
of error for remote sensing over water, though less so for very shallow waters (Simis 
and Olsson, 2013). 
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Application of spectral indexes to new study areas should be performed with vigilance. 
Assumptions must be fully examined and deemed fulfilled before performing analyses 
using particular indexes. As a case in point, the popular depth-invariant index of 
Lyzenga (1981) performed worse than a simple band ratio in this study due to the water 
quality characteristics inherent at the study area. Examining assumptions proved 
especially important as the depth-invariant index appeared to outperform bands when 
only examining training data for one of the satellite images examined. Even when 
assumptions are fulfilled in a study area, local variability can lead to improper 
conclusions about small-scale trends. Remote sensing studies often fail to evaluate 
these assumptions or even mention them (e.g. Knudby and Nordlund, 2011; Mumby et 
al., 1997), which could lead to the false impression that they are unimportant or safe to 
ignore. When combining monitoring with remote sensing technology, extensive 
knowledge of the monitored sites proves invaluable in avoiding inaccuracies and 
improper conclusions. 
 
5.7. Conclusions 
The remote sensing-based monitoring reported here has revealed that the 
seagrass meadow at Pulau Semakau declined drastically from 2001 to 2013. The small 
size of the seagrass beds in Singapore relative to those previously studied in temperate 
and less stressed regions makes this loss more serious. For example, by building a 
model to estimate seagrass biomass directly and incorporating ancillary information on 
sediment deposition, strong evidence was found for rapid, sedimentation-driven 
declines in seagrass bed extent and changes in the seagrass community assemblage. 
Previous studies have also provided evidence that these effects are exacerbated by poor 
ambient water quality. This ambient water quality is unlikely to improve without direct 
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intervention, and such rapid declines are likely to occur in the future and may be 
currently occurring elsewhere in Singapore’s waters. Unfortunately, this study is one of 
very few focused on Singapore’s seagrass assets. For these reasons, it is imperative that 
more research be directed towards monitoring Singapore’s remaining seagrass habitats 
and other coastal ecosystems. 
 
Although a considerable amount of effort was dedicated to quantifying error in this 
analysis, future studies should improve upon these methods. Non-governmental 
organizations and research institutions should consider including periodic GCP surveys 
in their monitoring regimes to provide researchers with the validation data necessary 
for accurate remote monitoring campaigns. With such validation data, more precise 
estimates of sensor-specific bias and tidally-linked error could be quantified. With error 
quantification and contemporary satellite imaging technology, deriving higher order 
information from satellite imagery, such as biomass and species identification, would 
be less uncertain and prone to error. Future research can also more closely examine the 
extent of macroalgae blooms in Singapore and their contribution to misclassification 
error. In addition to determining misclassification error, quantification of macroalgal 
bloom biomass alone would be useful in modelling water quality, primary production, 
and damage to ecosystems and infrastructure associated with macroalgae. As with 
seagrass, however, monitoring macroalgae requires extensive validation data, which is 
even more difficult to collect for macroalgae than for seagrass due to the depth at which 
macroalgae grows and the unpredictability of blooms. 
 
The methods developed here have important implications for future remote sensing 
studies, especially along the populated coastline of Southeast Asia. Measuring trends in 
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seagrass bed extent provides insight into the state of colonization occurring and the 
future viability of a meadow, but does not necessarily provide a measure of the 
abundance of seagrass or seagrass health. Trends in above-ground biomass provide 
more information on the internal health of a seagrass bed, and coupled with bed extent 
can provide inferences on complex processes such as species transitions and meadow 
responses to punctuated disturbances. The complex water quality and seagrass 
communities in this region restrict the ability of conventional techniques applied in 
clearer waters and at temperate latitudes. Turbidity in coastal regions with large 
anthropogenic disturbance limits the spectrum of useful wavelengths of light. Research 
conducted in Southeast Asia requires the analysis of non-linear relationships between 
remote sensing indices and seagrass density, because of the complex communities and 
wide range of biomass present in seagrass beds in the region. Moderate resolution, 
freely available satellite imagery produce maps of seagrass bed extent on par with very-
high resolution imagery. ALI imagery may underestimate overall extent and 
OLI/ETM+ imagery may not effectively detect small seagrass patches, but they 
produce classification products suitable for long term trend analysis. 
 
The results presented here also support the field application of normalised canopy 
volume as an index of seagrass abundance using remote sensing methods. The use of 
NCI offers a multitude of benefits compared with conventional means of estimating 
seagrass standing crop: e.g. visual density index or aboveground biomass. Being non-
destructive, determination of NCI in the field provides a quick, efficient, non-biased 
and sustainable method of documenting seagrass abundance. As the technique involved 
in assessing NCI is relatively fast, field sampling can effectively cover a wider spatial 
scale within a given period of time, improving the variability captured in training and 
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validation of empirical models. In addition, NCI can possibly be translated for use in 
studies of photosynthetic productivity, nutrient uptake, sediment accretion, and local-
scale hydrodynamics. To substantiate the application of NCI as an abundance index, 
further research is required to fully understand the degree of correspondence between 
NCI and above-ground biomass and how much the superior performance of NCI is due 
to sampling design. Additional research is also required to validate the use of NCI in 
meadows with different community structure than that encountered in this study. 
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